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Temperature plays a key role in plant growth and development, because it affects 
metabolic rates of every physiological process. With growing concern over global warming, 
the responses of forests to increasing temperature has become an important topic in recent 
decades. If we are to predict the fate of global forests in a future warmer world, we need to 
understand and quantify the mechanisms of the temperature response of plant growth. 
Predictions of global warming impacts on forest growth are widely made using terrestrial 
biosphere models. Terrestrial biosphere models use environmental data and physiological 
parameters to predict carbon, water, energy, and nutrient fluxes in terrestrial ecosystems. 
Realistic model representation and integration of processes that are upstream of plant growth 
is critical in model predictions. In this thesis, my broad aim is to improve the current 
representation of the temperature response of plant growth in terrestrial biosphere models by 
identifying the important mechanisms that account for the overall response.  
This thesis is divided into five stand-alone, interrelated research chapters to achieve the 
above objective. Chapters 2 and 3 cover the response of photosynthesis to temperature. In 
chapter 2, I compiled a global dataset of photosynthetic CO2 response curves measured at 
different leaf temperatures, including data from 141 C3 species from tropical rainforest to 
Arctic tundra. I utilised this dataset to quantify and model key mechanisms responsible for 
photosynthetic temperature acclimation and adaptation and developed a summary model to 
represent photosynthetic temperature responses in terrestrial biosphere models. Chapter 3 
investigates the triose phosphate utilisation limitation (TPU) of leaf net photosynthesis at the 
global scale using the dataset compiled in chapter 2. In this chapter, I demonstrate that TPU 
does not limit leaf photosynthesis at the current ambient atmospheric CO2 concentration. In 
addition, I showed that instantaneous temperature responses of TPU are distinct from 
temperature responses of the maximum rate of Rubisco carboxylation.  
Chapter 4 concerns scaling from leaf level to canopy level photosynthesis, using a unique 
dataset from whole-tree chambers where whole-tree photosynthetic flux was measured at 
high time-resolution over several seasons. The dataset demonstrates that the optimal 
temperature for canopy photosynthesis is at least 6 °C lower than that for leaf photosynthesis. 
I tested several hypotheses to explain this difference, using models of canopy radiation 
interception and photosynthesis parameterized with leaf-level physiological data and 
estimates of canopy leaf area.  In this chapter, I identify the influence of non-light saturated 
leaves as a key determinant of the lower optimal temperature of canopy photosynthesis. 
 
 
Further, I demonstrate the importance of accounting for within-canopy variation and seasonal 
acclimation of photosynthetic biochemistry in determining the temperature response of 
canopy photosynthesis. 
Chapters 5 and 6 connect temperature responses of individual plant processes to the 
overall response of plant growth. In chapter 5, I separate the indirect effect of temperature via 
increased water limitation from the direct effect of temperature on plant growth. I ran an 
experiment in which Eucalyptus tereticornis tree seedlings were grown in an array of six 
growth temperatures spanning from 18 to 35.5 °C with two watering treatments: i) water 
inputs increasing to match plant demand at all temperatures, isolating the direct effect of 
temperature; and ii) water inputs constant for all temperatures, matching demand for coolest 
grown plants, such that water limitation increased with growth temperature.  I show that 
warming without a concomitant increase in water inputs decreases the temperature optima for 
both photosynthesis and growth by ~3 °C compared to warming with increasing water inputs. 
The results indicate that the indirect effect of increasing water limitation strongly modifies 
the potential response of tree growth to rising global temperatures. 
In Chapter 6, I apply a data assimilation framework to a seedling warming experiment to 
quantify the important mechanisms that determine the temperature response of tree seedlings 
growth. I show that the overall tree growth response to increasing temperature is determined 
not only by the effect of temperature on photosynthesis and maintenance respiration but also 
several other C balance processes, including changes in the utilisation rate of new 
photosynthate, growth respiration and C allocation to different tissues. Further, I quantify 
how the temperature response of each of these processes contribute to the temperature 
response of tree seedling growth. As a whole, this thesis identifies a number of key process 
representations that terrestrial biosphere models should incorporate for the robust 
quantification of forest growth in future warmer climates. 
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Chapter - 1 General introduction 
 
1.1 Global warming and forest growth 
Changes in global climate during the last several decades have been causing 
significant adverse impacts on both man-made and natural environment systems. The fifth 
assessment report (AR5) of the Intergovernmental Panel on Climate Change (IPCC) 
highlighted that emission rates of greenhouse gases due to anthropogenic activities are the 
highest in history. The global mean surface temperature is predicted to be increased by 0.3 to 
0.7 °C in the period from 2016 – 2030, relative to the base period 1983-2005 (IPCC, 2014). 
Further, a 2 to 4 °C increase is predicted in the last two decades of the 21st century 
(Huntingford et al., 2012, Solomon et al., 2009). With growing concern over global warming, 
the responses of forests to increasing atmospheric temperature has become an important topic 
in recent decades. As a major component of the global carbon cycle, forests influence the 
global climate through physical, chemical, and biological processes (Bonan, 2008, Canadell 
&  Raupach, 2008). Forests absorb approximately 30% of the annual CO2 emissions from 
fossil fuel burning and deforestation, and act as a storage pool of carbon approximately 
double than the atmospheric carbon content (Pan et al., 2011, Pan et al., 2004). Also, forests 
are important in global food security (Pimentel et al., 1997). Hence, predicting the potential 
impacts of warming on forests is important in sustaining the environmental services of forests 
in future climates (Beer et al., 2010, Fearnside, 2000, Kasischke et al., 1995, Peters, 1990).  
Empirical research has reported spatially-divergent growth responses to warming, 
whereby trees in cold, wet sites typically show an increase in growth, in contrast to trees in 
warm, dry sites where growth typically declines (Buechling et al., 2017, D’Orangeville et al., 
2018, Lena et al., 2016, Mäkinen et al., 2002, Price et al., 2013). Using satellite data, Myneni 
et al. (1997) showed an increase in plant growth in response to warming associated with a 
lengthening of the active growing season in northern high latitudes. Tree growth during 1930-
1960 in boreal and temperate regions responded positively to temperature (Babst et al., 2019) 
Field studies in tropical rain forests showed that annual diameter increments of tropical trees 
negatively depend upon the annual mean of daily minimum temperature (Clark et al., 2003, 
Clark et al., 2010, Feeley et al., 2007, Saxe et al., 2001).  
The impacts of global warming on plant growth primarily depend on whether plants 
are above or below their thermal optimum for growth (Drake et al., 2015, Drake et al., 2017b, 
Reich et al., 2015). A number of studies comparing forest stand growth rates across diverse 
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climates have reported relatively low temperature optima for growth. For example, 
D’Orangeville et al. (2018) reported that the growth rates of boreal tree species in eastern 
Canada peak at an annual mean maximum temperature of 8 – 10 °C, based on detailed site-
level tree growth measurements. Low temperature optima for growth have also been reported 
for Australian tall wet eucalypt forests, where diameter growth rate peaks at a mean annual 
temperature of 11 ºC (Bowman et al., 2014, Prior & Bowman, 2014). It is not clear whether 
the observed declining trends of tree growth in response to increasing temperature and the 
comparatively low temperature optima for growth at the landscape scale are due to the direct 
effects of temperature on tree growth (Körner, 2003, Way &  Sage, 2008a) or indirect effects 
of temperature such as reduced soil moisture availability for growth (Bowman et al., 2014). 
Understanding the underlying physiological mechanisms responsible for these observed 
trends is a key to predicting the effect of global warming on tree growth (Medlyn et al., 2011, 
Reich et al., 2018). 
 
1.2 Predicting responses of forest growth to warming 
Predictions of global warming impacts on forest growth are widely made using terrestrial 
biosphere models. Terrestrial biosphere models use environmental data and physiological 
parameters to predict carbon, water, energy, and nutrient fluxes in terrestrial ecosystems.  A 
wide range of terrestrial biosphere models have been developed; for example, CLM (Bonan 
et al., 2011), BETHY (Knorr &  Heimann, 2001), JULES (Clark et al., 2011, Harper et al., 
2016), GDAY (Comins &  McMurtrie, 1993) and O-CN (Zaehle &  Friend, 2010). Cramer et 
al. (2001) studied responses of ecosystem processes to increasing atmospheric CO2 
concentration and temperature using six terrestrial biosphere models. They showed that the 
terrestrial carbon sink was reduced by 0.3-6.6 Pg C y-1 at the end of the 21st century due to 
the effect of global warming. Models used in the Coupled Model Intercomparison Project 
Phase 5 (CMIP5) also showed losses in terrestrial carbon storage as temperature increases 
(Arora et al., 2013, Friedlingstein et al., 2014). Using five terrestrial biosphere models forced 
with observed climatology and atmospheric CO2, Sitch et al. (2008) showed an increases in 
vegetation carbon in tundra ecosystems in response to climate warming. However, 
evaluations of terrestrial biosphere models show that there are still large uncertainties in the 
response of the global carbon cycle to future climate warming (Cramer et al., 2001, Heimann 
et al., 1998, Sitch et al., 2008). Using simulations with 22 climate models and the MOSES–
TRIFFID land surface scheme, Huntingford et al. (2013) studied projected uncertainty of 
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biomass stocks for the tropical forest biome. They showed that the largest uncertainties are 
associated with the model representation of plant physiological responses; particularly the 
temperature responses of photosynthesis and respiration. Further, Zaehle et al. (2005) 
suggested that the parameters controlling net photosynthesis rate contribute most to overall 
model uncertainty. Booth et al. (2012) and Ziehn et al. (2011) identified the sensitivity of 
photosynthesis to temperature as the most important uncertainty in current terrestrial 
biosphere models. 
This thesis addresses three questions that aim to reduce the uncertainty in current 
terrestrial biosphere models and improve the ability of models to predict forest growth 
response to warming. The questions are: i) How do we predict response of leaf 
photosynthesis to temperature? ii) How do we scale leaf-level photosynthetic temperature 
response to the canopy? iii) How do we predict the response of tree growth to temperature? 
 
1.3 Predicting response of leaf photosynthesis to temperature 
As the largest terrestrial carbon flux, plant photosynthesis is an important component in 
these models. Several lines of evidence suggest that there are consistent differences in the 
temperature response of net photosynthesis across species, depending on their climate of 
origin. For example, cool-origin plants have the capacity for improved photosynthetic 
performances at lower temperatures, whereas plants in warmer environments show improved 
performances at higher temperatures (Berry &  Björkman, 1980, Fryer &  Ledig, 1972, Ledig 
&  Korbobo, 1983, Slatyer, 1977, Slatyer, 1978), suggesting genetic adaptation of species’ 
photosynthetic temperature response to their climate of origin. Also, plants have the capacity 
to adjust their photosynthetic temperature response depending on short-term variations in 
their thermal environment, a phenomenon referred to as thermal acclimation (Gunderson et 
al., 2000, Gunderson et al., 2009, Smith &  Dukes, 2013, Way &  Yamori, 2014, Yamori et 
al., 2014, Yamori et al., 2005). As a result, the photosynthetic temperature response of a 
given species may vary when it grows in different environments and may change seasonally. 
However, the current representations of photosynthetic temperature response in terrestrial 
biosphere models do not capture this empirical knowledge well (Lombardozzi et al., 2015, 
Mercado et al., 2018, Smith &  Dukes, 2013, Smith et al., 2016). Most terrestrial biosphere 
models use either a single temperature response function for all species or represent broad 
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geographical variation in the temperature responses by using functions that are specific to a 
plant functional type without considering thermal acclimation.  
Several meta-analytic studies have attempted to characterise species variation in 
temperature response of photosynthesis (Hikosaka et al., 2006, Medlyn et al., 2002a). Kattge 
& Knorr (2007) studied the instantaneous temperature response of photosynthetic 
biochemical parameters across 36 species and synthesised these relationships into a simple 
function that enabled direct implementation into terrestrial biosphere models. Several studies 
implemented these functions in terrestrial biosphere models to quantify the effect of thermal 
acclimation of photosynthesis on terrestrial carbon cycle predictions (Chen &  Zhuang, 2013, 
Lombardozzi et al., 2015, Smith et al., 2016) as well as on biophysical consequences in 
future climates (Smith et al., 2017). However, the Kattge & Knorr (2007) functions have 
several limitations The functions incorporate elements of both temperature adaptation and 
acclimation without resolving the extent of the contribution of the two processes. Also, the 
ability of the acclimation functions to capture the observed differences in temperature optima 
of light-saturated net photosynthesis has not been directly tested. Robust representation 
photosynthetic temperature response in terrestrial biosphere models is challenging, as we lack 
a quantitative assessment of photosynthetic temperature responses on a global scale 
(Stinziano et al., 2017). 
 My goal in chapters 2 & 3 of this thesis was to improve the representation of the 
temperature response leaf photosynthesis in terrestrial biosphere models. In chapter 2, I 
compiled a global dataset of photosynthetic CO2 response curves measured at different leaf 
temperature, including data from 141 C3 species from tropical rainforest to Arctic tundra. I 
utilised this dataset to quantify and model key mechanisms responsible for photosynthetic 
temperature acclimation and adaptation.  
Chapter 3 investigates the triose phosphate utilisation limitation of leaf net photosynthesis 
at the global scale using the dataset compiled in chapter 2. The triose phosphate utilization 
rate (TPU) has been identified as one of the processes that can limit terrestrial plant 
photosynthesis. However, we lack a robust quantitative assessment of TPU limitation of 
photosynthesis at the global scale. As a result, TPU, and its potential limitation of 
photosynthesis, is poorly represented in terrestrial biosphere models. In this chapter, I 
quantified TPU by fitting the standard biochemical model of C3 photosynthesis to measured 
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photosynthetic CO2 response curves determined at multiple temperatures, and characterised 
its instantaneous temperature response. 
 
1.4 Predicting response of canopy photosynthesis to temperature 
Much of our current ecophysiological understanding of plant photosynthesis and its 
temperature response has been derived from measurements made on individual leaves (Crous 
et al., 2018, Hikosaka et al., 2006, Kattge &  Knorr, 2007, Medlyn et al., 2002a, Onoda et al., 
2005, Rogers et al., 2017b, Slot &  Winter, 2017a). However, a major challenge for model 
representation is scaling the process knowledge of photosynthetic physiology and leaf level 
parameterization up to the whole canopy. Although there has been much research on scaling 
of leaf photosynthesis to canopies (Kull &  Kruijt, 1998, Mercado et al., 2011, Mercado et 
al., 2007, Pury &  Farquhar, 1997, Wang &  Jarvis, 1990) there has been little focus on how 
scaling affects the temperature response. In several terrestrial biosphere models, the 
temperature responses of leaf and canopy scale photosynthesis are similar (Rogers et al., 
2017a), but several lines of evidence suggest that the optimum temperature for canopy 
photosynthesis is several degrees lower than leaf scale photosynthesis. Using data measured 
in a whole-tree chamber experiment, Drake et al. (2016) reported that canopy scale 
photosynthetic rates of Eucalyptus tereticornis trees measured at saturating incident light 
levels declined with increasing air temperature. There was no observable optimum 
temperature, but the data showed that this temperature optimum must have been lower than 
16 °C (Drake et al., 2016). Duursma et al. (2014) showed that the optimum temperature for 
canopy photosynthesis of Eucalyptus saligna trees grown in whole-tree chambers was c. 22 
°C which was lower than the leaf level optimum temperature for photosynthesis (~25 °C) of 
the same trees. Using data from globally distributed sites of eddy covariance, Niu et al. 
(2012) showed that the temperature response of net ecosystem exchange of different 
ecosystems followed a peaked curve, with the optimum temperature ranging between 9 and 
22 °C. Net ecosystem exchange of high-elevation subalpine forest exhibited a temperature 
optimum within the range 8-12 °C (Huxman et al., 2003). Further, Zheng-Hong et al. (2017) 
reported that the temperature optimum for ecosystem scale photosynthesis for tropical forests 
ranged from 24 to 28°C. These optimum temperatures for canopy scale photosynthesis are 
generally lower than the temperature optimum for leaf photosynthesis reported for the same 
species or plant functional type (Kumarathunge et al., 2019). 
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If the optimum temperature of canopy photosynthesis is overestimated in terrestrial 
biosphere models, there is a risk that models overestimate the response to warming.  Given 
the need for robust quantification of photosynthetic temperature response at canopy scale and 
its importance in predicting the future global carbon budget, the goal in chapter 4 of this 
thesis was to examine the relationship between leaf and canopy photosynthesis to improve 
model representations of canopy temperature responses.  In chapter 4, I tested several 
hypotheses to describe the observed differences in temperature response of photosynthesis at 
leaf and canopy scales. I tested these hypotheses using three models of canopy radiation 
interception and photosynthesis parameterized with leaf-level physiological data and canopy 
leaf area. I used the model to predict whole-tree photosynthesis under several different 
assumptions and evaluated the results against high-resolution whole-tree photosynthetic flux 
measured over several seasons.  
 
1.5 Predicting response of plant growth to temperature 
Increasing temperature has direct effects on plant physiology, but there are also indirect 
effects of increased water limitation because evaporative demand increases with temperature 
in many systems. It is important to identify both the direct and indirect effects of temperature 
on plant growth for improved prediction of the effects of global warming on forest growth. 
Field-based direct air and soil warming experiments provide a test of the interactive effect of 
warming and soil moisture (Bloor et al., 2010, Butler et al., 2012, Melillo et al., 2011, Reich 
et al., 2018), but do not allow for the direct and indirect effects of warming to be separated. 
In contrast, warming experiments in controlled environments are generally conducted under 
well-watered conditions where water addition is increased with warming in order to ensure 
that plants do not become water limited (e.g. Cheesman & Winter, 2013, Drake et al., 2015, 
Drake et al., 2017b, Ghannoum et al., 2010a, Gunderson et al., 2009, Jarvi & Burton, 2018, 
Natali et al., 2012, Reich et al., 2016, Slot & Winter, 2018, Smith & Dukes, 2017, Tjoelker et 
al., 1998, Way &  Sage, 2008a, Xiong et al., 2000). Although this research demonstrates the 
direct effects of temperature on tree physiology and growth, it does not quantify the indirect 
effect of warming on tree growth via changes in plant water demand relative to soil water 
availability. In experiments where temperature and water availability are manipulated 
separately, the focus tends to be on how drought modifies the response to warming (Adams et 
al., 2009, Ayub et al., 2011, Blackman et al., 2017, Crous et al., 2012, Duan et al., 2013, Li 
et al., 2018), often involving a complete cessation of watering. Therefore, further studies are 
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necessary to disentangle the effect of warming on growth under the potentially co-limiting 
conditions of declining plant water availability typically observed across climate gradients or 
predicted with climate warming. 
 In general, terrestrial biosphere models represent tree growth as the difference between C 
uptake through photosynthesis and C loss through respiration and turnover of different tree 
biomass components.  In almost all terrestrial biosphere models plant growth is primarily 
driven by photosynthesis and respiration and therefore, predict growth from the 
environmental responses of photosynthesis and respiration (Pugh et al., 2016). Hence, the 
temperature response of growth emerging from a given model depends on the 
parameterisations used to predict photosynthesis and respiration. Although models are often 
tested against photosynthesis and respiration flux data (Huang et al., 2019, Mercado et al., 
2018, Smith et al., 2016), it is very rarely tested whether this approach correctly captures the 
overall growth response. Can the temperature response of growth be simulated through the 
impact of temperature on photosynthesis and respiration, or do we need to include other 
temperature-dependent processes in models? Nevertheless, results from several studies 
suggested poor correlation between photosynthesis and growth (Campany et al., 2017, Fatichi 
et al., 2014, Körner, 2003) suggesting that other carbon balance processes such as growth and 
maintenance respiration, biomass allocation and non-structural carbohydrate storage could 
also important in determining the temperature response of tree growth (Mahmud et al., 2018). 
However, unlike photosynthesis and respiration, we lack a quantitative understanding on how 
individual carbon balance processes are affected by temperature as well as, how these 
different carbon balance processes collectively determine overall tree growth. Hence, further 
studies are necessary to quantify the underlying physiological mechanisms responsible for the 
effect of warming on tree growth (Medlyn et al., 2011b, Reich et al., 2018).  
My goal in chapters 5 and 6 was to identify the key mechanisms that determine the 
temperature response of tree growth. In chapter 5,  I grew seedlings of a common and widely 
distributed tree species Eucalyptus tereticornis across a wide array of growth temperatures 
with two watering treatments: (1) water inputs that were increased to match plant and 
evaporative demand with higher growth temperatures, thus allowing us to quantify the direct 
effect of temperature alone and (2) constant water inputs, matched to plant demand at the 
lowest growth temperature, such that warmed plants experienced both direct and indirect 
effects of temperature. I used data from this experiment to separate the direct and indirect 
effects of temperature on tree seedling growth.  
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Chapter 6 quantitatively assesses how individual carbon balance processes collectively 
determine the overall tree growth using a data assimilation approach. In this chapter, I used 
part of the data collected in chapter 5 and inferred how different C balance processes; 
photosynthesis, respiration, non-structural C utilization and biomass allocation are linked to 
determine the temperature response of growth.   
In this thesis, my broad aim is to improve the current representation of the temperature 
response of plant growth in terrestrial biosphere models by identifying the important 
mechanisms that account for the overall response. More specifically, this thesis has the 
following objectives: 
1. To identify the mechanisms that determine the temperature response of leaf scale 
photosynthesis and develop a robust quantitative global model representing 
photosynthetic temperature responses in terrestrial biosphere models. 
2. To investigate and quantify the mechanisms of the temperature response of canopy 
photosynthesis to improve the leaf to canopy scaling currently used in terrestrial 
biosphere models.  
3. To resolve the potential effects of water limitation on the temperature response of 
growth of widely distributed tree species 
4. To quantitatively assess on how individual carbon balance processes collectively 
determine the overall tree growth 
 
1.6 Candidate contributions 
Chapter 2 is published as Kumarathunge, D. P., Medlyn, B. E., Drake, J. E., Tjoelker 
et al. (2019), Acclimation and adaptation components of the temperature dependence of plant 
photosynthesis at the global scale. New Phytologist, 222: 768-784. doi:10.1111/nph.15668. 
For this Chapter, I conceived and designed the analysis with supervisory guidance from 
BEM, JED, MGT. I also drafted the manuscript. All other co-authors contributed data, ideas, 
and edited the manuscript.   
Chapter 3 is published as Dushan P. Kumarathunge, Belinda E. Medlyn, John E. 
Drake, Alistair Rogers and Mark G. Tjoelker (2019), No evidence for triose phosphate 
limitation of light saturated leaf photosynthesis under current atmospheric CO2 concentration. 
Plant Cell & Environment, 1–12. https://doi.org/10.1111/pce.13639. For this chapter, I 
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designed the study, analysed the data and wrote the manuscript, with guidance from BEM. 
All other co-authors contributed ideas, and edited the manuscript. 
Chapter 4 is in preparation for submission as a journal article with the following 
authors: Dushan P. Kumarathunge, Belinda E. Medlyn, John E. Drake, Martin G. De Kauwe, 
Mark G. Tjoelker, Michael J. Aspinwall, Craig V. M. Barton, Courtney E. Campany, Kristine 
Y. Crous, Mingkai Jiang and Jinyan Yang. Why is the temperature optimum for canopy 
photosynthesis lower than that for leaf photosynthesis? For this chapter, I used existing 
experimental data, measured by JED, MJA, CEC and KYC. The analyses were designed and 
carried out by me, with contributions from BEM & MGDK. I wrote the manuscript with 
guidance from BEM. JED and MGT co-led the overall WTC experimental design and made a 
substantial contribution to data collection, interpretation, and revised the manuscript. All 
other co-authors contributed data, ideas, and edited the manuscript.  
 
Chapter 5 is under review as follows: Dushan P. Kumarathunge, Belinda E. Medlyn, 
John E. Drake, Mark G. Tjoelker, Rosana López, Sebastian Pfautsch and Angelica 
Vårhammar, The temperature optima for tree seedling photosynthesis and growth depend on 
water inputs. For this chapter, I designed the data collection and carried out the experiment 
with guidance from BEM and JED. I analysed the data and wrote the manuscript. AV was the 
technical lead on the experimental implementation, and contributed to the data collection. RL 
and SP contributed to data collection and edited the manuscript. BEM, JED and MGT 
contributed to data collection and made a substantial contribution to the experimental design, 
data interpretation, and revised the manuscript.  
 Chapter 6 is in preparation for submission as a journal article. It has the following co-
authors: Dushan P. Kumarathunge, Belinda E. Medlyn, Kashif Mahmud, John E. Drake, 
Mark G. Tjoelker, Which are the important mechanisms that determine the temperature 
response of tree seedling growth? For this chapter, I substantially contributed to the 
experimental design, experimental implementation and data collection. The analyses were 
designed and carried out by me, with contributions from BEM. KM designed the carbon 
balance model and wrote the source code for data assimilation. JED and MGT co-lead the 
experimental design, data collection and made a substantial contribution to data interpretation 
and edited the manuscript.  
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1.7 Reproducible Research 
The entire analysis presented in this thesis is reproducible; all of the raw data are 
available publicly and code to reproduce all of the analysis, figures, and tables are available 
as open access public repositories as given bellow (Table 1.1). 
 
Table 1.1. Data sources and analysis code to reproduce all the Figures, Tables and 
supporting figures presented in this thesis 
Chapter Data Analysis code 
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Chapter - 2 Acclimation and adaptation components of the temperature dependence of 
plant photosynthesis at the global scale 
 
2.1 Abstract 
 The temperature response of photosynthesis is one of the key factors determining 
predicted responses to warming in terrestrial biosphere models. The response may vary 
geographically, due to genetic adaptation to climate, and temporally, due to acclimation 
to changes in ambient temperature. Our goal was to develop a robust quantitative global 
model representing acclimation and adaptation of photosynthetic temperature responses. 
We quantified and modelled key mechanisms responsible for photosynthetic temperature 
acclimation and adaptation using a global dataset of photosynthetic CO2 response curves 
including data from 141 C3 species from tropical rainforest to Arctic tundra. We separated 
temperature acclimation and adaptation processes by considering seasonal and common-
garden datasets, respectively. The observed global variation in the temperature optimum 
of photosynthesis was primarily explained by biochemical limitations to photosynthesis, 
rather than stomatal conductance or respiration. We found acclimation to growth 
temperature to be a stronger driver of this variation, than adaptation to temperature at 
climate of origin. We developed a summary model to represent photosynthetic 
temperature responses and showed that it predicted the observed global variation in 
optimal temperatures with high accuracy. This novel algorithm should enable improved 






 The capacity of species to cope with increasing growth temperature is one of the key 
determinants in range shifts and local extinction of species because their distribution and 
range limits closely follow temperature isolines (Battisti et al., 2005). Evidence suggests that 
many species are adapted to their thermal environment of origin (Berry &  Björkman, 1980) 
but also exhibit the capacity to adjust to temporal variations in the temperature of their 
environment (Rehfeldt et al., 2001, Valladares et al., 2014). However, the mechanisms that 
determine these responses are not well understood, making it challenging to predict the fate 
of plants in a changing climate. 
Terrestrial biosphere models are one of the principal tools used to predict future 
terrestrial vegetation carbon balance (Mercado et al., 2018, Rogers et al., 2017a). The 
temperature response of leaf-scale net photosynthesis (referred to as An-T response hereafter) 
is one of the key processes in these models. The effect of warming on modelled 
photosynthesis depends on the An-T response function used in the model, and in particular, 
the optimum temperature of photosynthesis (ToptA) (Booth et al., 2012). Decades of empirical 
studies have shown that the An-T responses of plants vary geographically, suggesting genetic 
adaptation of species to their climate of origin (Berry &  Björkman, 1980, Fryer &  Ledig, 
1972, Gunderson et al., 2009, Slatyer, 1977, Slatyer, 1978). Considerable evidence also 
shows that plants have the capacity to adjust the An-T response following temporal changes in 
ambient temperature, a response known as thermal acclimation (Hall et al., 2013, Way &  
Sage, 2008b, Way et al., 2017, Way &  Yamori, 2014, Yamaguchi et al., 2016). In a recent 
review, Yamori et al. (2014) reported inherent differences in the An-T response and its 
acclimation capacity among photosynthetic pathways (C3, C4 and CAM) and functional types 
(annual vs perennial, deciduous vs evergreen) that often differ in their climatic distributions. 
However, the current representations of An-T response in terrestrial biosphere models do not 
capture this empirical knowledge well (Lombardozzi et al., 2015, Mercado et al., 2018, 
Smith &  Dukes, 2013, Smith et al., 2016). Most terrestrial biosphere models use either a 
single An-T response function for all species or represent broad geographical variation in the 
An-T response by using plant functional type(s) -specific functions without considering 
thermal acclimation. Robust representation of adaptation and acclimation of An-T response in 
terrestrial biosphere models is challenging as we lack a quantitative assessment of 
acclimation and adaptation of photosynthetic temperature responses on a global scale 
(Stinziano et al., 2017).  
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Many terrestrial biosphere models incorporate the biochemical model of C3 
photosynthesis (Farquhar et al., 1980, Rogers et al., 2017a ; referred to as FvCB hereafter). 
Therefore, it is both tractable and valuable to encapsulate the mechanisms of photosynthetic 
temperature adaptation and acclimation in terms of parameters of the Farquhar model 
(Dillaway &  Kruger, 2010, Dreyer et al., 2001, Hikosaka et al., 1999, Medlyn et al., 2002b). 
The model has two key parameters, for which the temperature response is particularly 
important; the maximum rate of ribulose-1,5-bisphosphate carboxylase-oxygenase (Rubisco) 
activity (Vcmax) and the maximum potential electron transport rate (Jmax) (Farquhar et al., 
1980). Terrestrial biosphere models use two basic functional forms to characterize the 
instantaneous temperature response of the key FvCB model parameters, namely the standard 
and peaked Arrhenius functions (Medlyn et al., 2002a). Most empirical studies of the 
instantaneous temperature response of Vcmax and Jmax have used the peaked Arrhenius model, 
which has four key parameters; the basal rate of either Vcmax or Jmax at a standard temperature 
of 25◦C (Vcmax25 or Jmax25), the activation energy (Ea), the de-activation energy (Hd), and the 
entropy term (∆S). The peaked Arrhenius model can also be used to calculate the optimum 
temperatures of Vcmax (ToptV) and Jmax (ToptJ). These parameters have now been documented 
for a wide range of species from different biomes and plant functional types (Onoda et al., 
2005, Rogers et al., 2017b, Slot &  Winter, 2017a). Evidence suggests that the Arrhenius 
model parameters vary significantly across plant taxa but also that these parameters have the 
capacity to acclimate to the growth temperature (Crous et al., 2018, Crous et al., 2013).  
Several meta-analytic studies have attempted to characterise species variation in the 
model parameters. Medlyn et al. (2002a) compared the temperature response of key FvCB 
model parameters across different species but reported a poor relationship overall between 
the optimum temperature for photosynthesis and the temperature of the growing environment. 
They reported lower ToptV and ToptJ for plants grown in boreal compared to temperate 
climates, but it was unclear whether this difference was due to inherent genetic differences 
among the boreal and temperate species, or acclimation to prevailing growth temperature. In 
an analysis of 23 species, (Hikosaka et al., 2006) identified two important mechanisms of 
photosynthetic temperature acclimation, namely Ea of Vcmax (EaV) and Jmax (EaJ) and the ratio 
of Jmax: Vcmax (JVr). The most comprehensive synthesis to date of the biochemically-based 
plant photosynthetic temperature response is that of Kattge & Knorr (2007), who compared 
the instantaneous temperature response of Vcmax and Jmax across 36 species. This study found 
a lack of thermal acclimation of EaV and EaJ but reported significant acclimation relationships 
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for JVr and ∆S of Vcmax (∆SV) and Jmax (∆SJ). Importantly, Kattge & Knorr (2007) synthesised 
these relationships into a simple and generalizable form that enabled direct implementation 
into terrestrial biosphere models, thus providing a means to quantify the effect of thermal 
acclimation of photosynthesis on terrestrial carbon cycle predictions (Chen &  Zhuang, 2013, 
Lombardozzi et al., 2015, Smith et al., 2016) as well as on biophysical consequences in 
future climates (Smith et al., 2017). 
Despite the success of the Kattge & Knorr (2007) algorithms, the functions have 
several limitations. Firstly, the parameterization process did not consider potential inter-
specific differences in photosynthetic temperature response; all changes were attributed to 
differences in growth temperature. Hence, the response incorporates elements of both 
temperature adaptation and acclimation without resolving the extent of the contribution of the 
two processes. Given that acclimation can occur over days and adaptation takes many 
generations, the importance of resolving the relative contribution of the two processes is 
critical. Recently, Mercado et al., (2018)   showed that assuming the relationships represent 
both adaptation and acclimation, or adaptation only, leads to significantly different 
conclusions about the trajectory of future terrestrial carbon storage under warming. Their 
results further highlight the importance of separating photosynthetic thermal adaptation and 
acclimation when simulating current and future carbon storage. However, to date, few studies 
have separated species differences in temperature adaptation from temperature acclimation 
processes (Lin et al., 2013).  
Secondly, the data used to derive the Kattge & Knorr (2007) functions came mainly 
from northern temperate and boreal trees and lacked globally important plant functional types 
such as tropical forests and Arctic tundra. As a result, the growth temperature range only 
varied from 11 to 29°C (Kattge & Knorr 2007), which is substantially narrower than growth 
temperatures simulated in terrestrial biosphere models. Therefore, the analysis of Kattge & 
Knorr (2007) could be improved with a broader global dataset directly addressing the relative 
roles of temperature acclimation and adaptation. 
Thirdly, the ability of the acclimation functions to capture the observed differences in 
temperature optima of light saturated net photosynthesis (ToptA) has not been directly tested. It 
is not clear whether making adjustments to ToptV and ToptJ improves the ability of models to 
capture changes in ToptA; some studies have reported similar ToptA values even with 
significantly different ToptJ among species (Vårhammar et al., 2015). Moreover, the 
photosynthetic temperature response is controlled not only by the photosynthetic 
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biochemistry, but also by stomatal and respiratory processes. Sensitivity analysis suggests 
that all three component processes are equally important in determining the ToptA at leaf scale 
(Lin et al., 2012) as well as at canopy scale (Tan et al., 2017)   but none of the previous 
review studies addressed how the latter two components affected ToptA. 
Given the need for robust representation of photosynthetic temperature acclimation 
and adaptation in terrestrial biosphere models, and its importance in predicting future global 
carbon budget (Lombardozzi et al., 2015, Smith et al., 2016, Mercado et al., 2018) and 
climate (Smith et al., 2017), we quantified and modelled the mechanisms that underlie the 
observed differences in ToptA among species and growth temperatures. We hypothesized that 
ToptA would be strongly driven by adaptation to the climate of origin, while temperature 
acclimation would further modify the temperature optimum in response to seasonal changes 
in temperature of the growth environment. To test these hypotheses, we compiled a global 
database of photosynthetic CO2 response curves measured at multiple leaf temperatures to 
simultaneously resolve the temperature optima of Anet, Vcmax and Jmax. The data comprised a 
total of 141 species from tropical rainforests to Arctic tundra. Included in this database were 
datasets: (i) from common-garden studies, which were used to quantify effects of adaptation 
alone on ToptA; and (ii) comprising time course studies that measured plants under contrasting 
prevailing ambient temperatures, which are used to quantify effects of temperature 
acclimation alone. We combined the identified effects of climate adaptation and temperature 
acclimation to derive a general global model of temperature responses that is then tested 
against (iii) a third, independent, biogeographic dataset measured on mature plants growing 
in their native environments across the globe.   
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2.3 Materials and methods 
 
2.3.1 Data sources 
 We compiled a global database of datasets consisting of leaf photosynthetic CO2 
response measurements (referred to as A/Ci curves hereafter) measured at multiple leaf 
temperatures and saturating irradiance levels. The database covers 141 species from 38 
experiments conducted around the world (Figure. 2.S1, Table 2.S1). Site latitude ranged from 
42°48' S to 71°16' N and mean annual growing season temperature (long-term average 
temperature of months where mean monthly temperature is above 0°C) ranged from 3 to 
30°C. Data were measured on at least three (or more) randomly selected replicate individuals 
of the same species or different species (depend on the individual dataset). In all cases, upper 
canopy fully expanded sun-lit leaves were sampled for gas exchange measurements. In most 
of the datasets gas exchange measurements were done in attached leaves, however, in some 
datasets, detached leaves were used.  
The method of data collection was consistent across all datasets. In most datasets, 
measurements were started at ambient CO2 levels (360-400 ppm; depending on the year of 
data collection) and changed stepwise through a series of subambient (40-400 ppm) to 
superambient saturating CO2 concentrations (400-2000 ppm). The same measurement 
protocol was repeated on the same leaf at different leaf temperatures. Measurements were 
made at saturating irradiance (Table 2. S1) using a portable photosynthesis system with 
standard leaf chambers, in most cases the Licor 6400 (Licor Biosciences, Lincoln, NE, USA) 
although some measurements were made with the Walz-CMS system (Walz, Effeltrich, 
Germany). Relative humidity inside the leaf chamber was generally held between 40-80%, 
although this varied among datasets due to differences in environmental conditions. We 
visually inspected every A/Ci curve in the dataset for possible outliers and erroneous data 
points (i.e. negative intercellular CO2 concentrations). We used criteria based on De Kauwe 
et al. (2016) to screen individual A/Ci curves for the analysis performed in this paper. Curves 
were excluded from the analysis if the fitted function (see below) had a r2 <0.99 (however, if 
the number of replicates available for a given occasion was limited, the threshold r2 was 
reduced to 0.90; ~9% of the total A/Ci curves included in the analysis).  After screening, the 





2.3.2 Estimating temperature optimum for leaf net photosynthesis (ToptA) 
 Ambient leaf net photosynthesis (Anet) at each temperature was obtained from either the 
initial direct measurements at ambient CO2 concentrations or extracted from the A/Ci curves. 
For curves where the first point was not measured at ambient CO2 level, we extracted the Anet 
value at the measured sample CO2 concentration falling between 300 and 400 ppm. We 
estimated the temperature optimum for Anet, ToptA, by fitting a widely used model of 
instantaneous photosynthetic temperature response (Crous et al., 2013, Gunderson et al., 
2009, Sendall et al., 2015, Vårhammar et al., 2015) (Eqn 1) to the net photosynthesis 
measurements. The model is a quadratic equation, expressed as:  
𝐴𝐴net = 𝐴𝐴opt − 𝑏𝑏�𝑇𝑇 − 𝑇𝑇optA�
2
       Eqn 1 
where Anet is the net photosynthetic rate (µmol m-2 s-1) at a given leaf temperature, T (°C), 
ToptA is the temperature optimum for photosynthesis (◦C) Aopt is the net photosynthetic rate at 
ToptA, and the parameter b (unitless) describes the degree of curvature of the relationship.  
 
2.3.3 Parameterising biochemical component processes of photosynthesis 
 We used the FvCB model to characterize photosynthetic biochemical component 
processes. The model represents leaf net photosynthesis rate as the minimum of three rates; 
the Rubisco carboxylation limited photosynthetic rate (Wc), the RuBP-regeneration limited 
photosynthetic rate (Wj), and the triose phosphate utilization limited rate (Wp). The widely 
used formulation and parameterization of the FvCB model is of the form (Eqn 2-6). 
𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛 = min�𝑊𝑊𝑐𝑐,𝑊𝑊𝑗𝑗 ,𝑊𝑊𝑝𝑝� (1 −
Γ∗
𝐶𝐶𝑖𝑖













         Eqn 4 
𝑊𝑊𝑝𝑝 = 3 𝑇𝑇𝑇𝑇𝑇𝑇          Eqn 5 
    
where Vcmax is the maximum rate of ribulose-1,5-bisphosphate carboxylase-oxygenase 
(Rubisco) activity, Ci and Oi (µmol mol-1) are intercellular CO2 and O2 concentrations 
respectively, Kc and Ko (µmol mol-1) are Michaelis–Menten coefficients of Rubisco activity 
for CO2 and O2 respectively, Γ∗ (µmol mol-1) is the CO2 compensation point in the absence of 
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photorespiration, TPU (µmol m-2 s-1) is the rate of triose phosphate export from the 
chloroplast, RL (µmol m-2 s-1) is the non-photorespiratory CO2 evolution in the light, and J 
(µmol m-2 s-1) is the rate of electron transport at a given light level. J is related to incident 
photosynthetically active photon flux density (Q, µmol m-2 s-1) by 
 
𝜃𝜃𝐽𝐽2 − (𝜙𝜙𝜙𝜙 + 𝐽𝐽𝑐𝑐𝑐𝑐𝑐𝑐)𝐽𝐽 + 𝜙𝜙𝜙𝜙𝐽𝐽𝑐𝑐𝑐𝑐𝑐𝑐 = 0       Eqn 6 
where Jmax (µmol m-2 s-1) is the potential rate of electron transport, 𝛷𝛷 (µmol mol-1) is the 
quantum yield of electron transport, and θ (dimensionless) is the curvature of the light 
response curve (Farquhar et al., 1980, Kattge &  Knorr, 2007, Medlyn et al., 2002a, Medlyn 
et al., 2002b, Sharkey et al., 2007).  
We parameterized Eqns 3 – 6 using the fitacis function within the plantecophys 
package (Duursma, 2015) in R version 3.3.2 (R Development Core Team, 2012). We 
assumed the Bernacchi et al. (2001) kinetic constants for the temperature response of Kc, Ko 
and 𝛤𝛤∗ as given in Medlyn et al. (2002a). We used measurement Q in Eqn 6 whenever 
available (see Table 2. S1); otherwise we assumed a fixed value of 1800 µmol m-2 s-1. We 
assumed constant values of 𝛷𝛷 (0.24 µmol mol-1) and θ (0.85; unitless) for all datasets 
(Medlyn et al., 2007); these parameter values have a relatively minor effect on the magnitude 
of estimated Jmax (Medlyn et al., 2002a). The estimated parameters, Vcmax and Jmax, are 
apparent values as we assumed infinite mesophyll conductance (gm). The significance of gm 
for Vcmax and Jmax estimates and their temperature response has been discussed elsewhere 
(Bahar et al., 2018, Crous et al., 2013), Here, there are insufficient data to quantify gm and 
hence it would have been inappropriate to include in our analysis (see Rogers et al., 2017a).  
We tested two A/Ci curve fitting routines; one with and one without TPU limitation 
(Eqn 5). Accounting for TPU limitation in the FvCB model did not affect the estimated 
photosynthetic capacities, apparent Vcmax and Jmax (Figure 2.S2) suggesting that at ambient 
CO2 levels, net photosynthesis was rarely limited by TPU (see chapter 3 for a detailed 
quantitative assessment of TPU limitation of photosynthesis and its environmental controls at 
the global scale). Hence, we focused on the temperature responses of apparent Vcmax and Jmax 
as the principal biochemical components affecting the ToptA. The temperature responses of 
Vcmax and Jmax were fitted using the peaked Arrhenius function: 











     Eqn 7   
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where kTk is the process rate (i.e. Vcmax or Jmax; 𝜇𝜇mol m-2 s-1) at a given temperature, Tk (K), 
k25 is the process rate at 25 ºC, R is the universal gas constant (8.314 J mol-1 K-1), and Ea (kJ 
mol-1) is the activation energy term that describes the exponential increase in enzyme activity 
with the increase in temperature, Hd (kJ mol-1) is the deactivation energy term that describes, 
e.g. decline in enzyme activity at higher temperature due to denaturation of enzymes, and ΔS 
(J mol-1 K-1) is the entropy term which characterize the changes in reaction rate caused by 
substrate concentration (Johnson et al., 1942). To avoid over-parameterization, we assumed a 
fixed value of 200000 J mol-1 for Hd in Eqn 7 for all species (Dreyer et al., 2001, Medlyn et 
al., 2002a).  





         Eqn 8 
 
2.3.4 Assessing the contribution of stomatal and respiratory processes  
The optimum temperature for photosynthesis is determined by stomatal and respiratory 
processes as well as biochemical processes (Lin et al., 2012, Medlyn et al., 2002a). Stomatal 
conductance values are potentially affected by the measurement protocol used in A/Ci curve 
measurements which rarely replicates the ambient conditions. Therefore, to assess the relative 
contribution of stomatal processes to ToptA, we calculated the net photosynthesis rate at a 
fixed Ci of 275 µmol mol-1 from each A/Ci curve, interpolating the curve using the FvCB 
model with parameters fitted to that curve. A fixed Ci of 275 µmol mol-1 was chosen as it 
roughly corresponds to 70% of ambient [CO2]. When the photosynthetic rate is scaled to a 
common Ci, it eliminates the effect of variation in stomatal conductance on photosynthesis, 
isolating the temperature effects on photosynthetic biochemistry. Similar to net 
photosynthesis, the temperature optimum for photosynthesis at a fixed Ci (ToptA275) was 
estimated for each species by fitting Eqn 1. We compared ToptA275 with ToptA to estimate the 
effect of variation in stomatal conductance on the temperature optimum for photosynthesis.  
We fitted standard Arrhenius function (Eqn 9) to RL values obtained from A/Ci curves 
to assess the effect of respiratory component processes on ToptA. We estimated two 
parameters RL25 (RL at 25°C) and activation energy of RL (Ea). Similar to Jmax and Vcmax, linear 
regression was used to test for temperature adaptation and acclimation of RL.  
𝑅𝑅𝐿𝐿 = 𝑅𝑅𝐿𝐿25exp �
𝐸𝐸𝑎𝑎(𝑇𝑇𝑘𝑘−298.15)
298.15 𝑅𝑅 𝑇𝑇𝑘𝑘
�      Eqn 9 
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where, RL25 is the rate of respiration in light at 25°C 
 
2.3.5 Test for local adaptation and seasonal temperature acclimation of ToptA 
We divided the database into three subsets: (i) mature plants growing in their native 
environments; (ii) common-garden datasets; and (iii) datasets with seasonal photosynthetic 
measurements. We used a subset of the data collected in mature plants (i) to identify the 
patterns in photosynthetic temperature responses of plants in native environments and for 
model evaluation. Temperature responses in this subset include the effects of both adaptation 
to the native environment, and acclimation to the prevailing temperature. We used the 
common garden (ii) and seasonal measurements (iii) subsets to estimate the relative 
contributions of adaptation and acclimation, respectively, in determining the observed trends 
with temperature for plants in native environments  
For plants growing in native environments, we derived relationships between photosynthetic 
parameters and the prevailing temperature of the growing environment defined as the mean 
air temperature for the 30 days prior to gas exchange measurements (Kattge &  Knorr, 2007) 
(Tgrowth), to identify the temporal trends in photosynthetic temperature responses. We derived 
Tgrowth using on-site measured real time daily air temperature for most of the datasets, but for 
three datasets (Hinoki cypress, Japan; Mongolian oak, Japan; and Scots pine, Finland; Table 
2. S1), we extracted Tgrowth values from the original publications as on-site temperature 
measurements were not available.  We used a general linear model to parameterise the 
observed responses in mature plants dataset (Eqn 10) 
 
𝑓𝑓�𝑇𝑇growth� = 𝑎𝑎 + 𝑏𝑏𝑇𝑇growth         Eqn 10 
where a and b are the intercept and slope respectively. 
Seasonal datasets provide the opportunity to test the acclimation capacity of different 
species to temporal changes in the ambient temperature of the growing environment. Here, 
we correlated photosynthetic parameters with growth temperature, Tgrowth, defined as the mean 
air temperature for the 30 days prior to gas exchange measurements. Similar to the mature 
plants dataset, we derived Tgrowth using on-site measured daily air temperature for most of the 
datasets. For datasets where real-time meteorological data were not available, we extracted 
Tgrowth values from the original publications.  
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Common gardens provide an opportunity to test for adaptation, as species with 
different climates of origin are grown at a common growth temperature. The common garden 
datasets included field trials and experiments in controlled environmental conditions which 
included two or more species or provenances with contrasting climates of origin. We located 
the seed source of each species or provenance (latitude and longitude) using published 
information (Table 2. S1).  We used 30″ resolution WorldClim climatology data (WorldClim 
1.4;(Hijmans et al., 2005)) to estimate long-term average (1960-1990) air temperature at seed 
source.  With reference to the species selection criteria used in several common garden 
studies (Lin et al., 2013, Vårhammar et al., 2015), we defined mean maximum air 
temperature of the warmest month at species’ seed source as the species’ home temperature 
(Thome) and derived relationships between photosynthetic parameters and Thome to test for 
adaptation of species’ An-T response to climate of origin. We repeated the same analysis with 
two other forms of species’ home temperature, 1. mean growing season air temperature and 
2. mean temperature of the warmest quarter, to test whether our results were altered 
depending on the definition of climate of origin. 
For both common garden and seasonal subsets, we used linear regression against 
Thome and Tgrowth (Eqns 11, 12) to test for temperature adaptation and acclimation, 
respectively, of ToptA, ToptA275, the photosynthetic biochemical parameters (Vcmax, and Jmax), 
and their temperature response parameters (see Eqns 7 and 8). To test the effect of different 
biochemical parameters on temperature optimum for photosynthesis, we used linear 
regression between ToptA275 and temperature response parameters of Vcmax and Jmax.   
 
2.3.6 Representing acclimation and adaptation in vegetation models 
We derived functions to represent photosynthetic temperature acclimation and adaptation in 
terrestrial biosphere models. If a given parameter showed only acclimation to growth 
temperature, the function used was:  
𝑓𝑓�𝑇𝑇growth� = Aac + 𝛼𝛼ac𝑇𝑇growth       Eqn 11  
where, Aac is the parameter value when Tgrowth= 0 and αac is the acclimation coefficient (°C-1)  
 
If a parameter showed only adaptation to climate of origin, the function was: 
𝑓𝑓(𝑇𝑇home) = Aad + 𝛼𝛼ad𝑇𝑇home        Eqn 12 
 




𝑓𝑓�𝑇𝑇home,𝑇𝑇growth� = 𝐴𝐴𝑐𝑐𝑎𝑎 + 𝛼𝛼ad𝑇𝑇home + 𝛿𝛿𝑐𝑐𝑐𝑐(𝑇𝑇growth − 𝑇𝑇home)   Eqn 13 
here, 𝛿𝛿𝑐𝑐𝑐𝑐 is the acclimation coefficient corresponding to a unit deviation in Tgrowth  from the 
species’ Thome  (°C-1). We parameterised Eqn 11 and 12 independently using data from 
seasonal photosynthetic response studies (Eqn 11) and common garden experiments (Eqn 
12). Eqn 13 was parameterised using combined seasonal and common garden datasets. We 
implemented the modified functions into the FvCB model (see Duursma, 2015) to simulate 
photosynthetic temperature response curves at a constant Ci of 275 µmol mol-1 and tested 
how well the leaf scale photosynthesis model captured the observed temperature optimum of 
photosynthesis in the mature plants dataset. This provided an independent comparison as the 
mature plants dataset was not used to parameterise the temperature acclimation and 
adaptation functions (Eqn 11-13). 
 
2.3.7 Statistical analysis 
Parameters of Eqn 1, 7-9 were estimated in a non-linear mixed model framework (Zuur et al., 
2009) using the nlme function within the nlme package in R version 3.3.2 (R Development 
Core Team, 2012).  Replicate trees and/or leaves of the same species were included as 
random effects in model. However, when datasets contained measurements of multiple 
species (e.g. Brazilian rainforests, Australian rainforests and Australian semi-arid woodland 
datasets, Table 2. S1), individual species were considered as a random variable in the model. 
Similarly, Eqns 11-13 were parameterized in a linear mixed model framework using the 
inverse of the standard error (SE) of each parameter of Eqn 1, 7-9 as the weighting scale to 
account for parameter uncertainty (Zuur et al., 2009; Lin et al., 2015). We tested whether the 
model parameters (Eqn 11-13) significantly differed among datasets (and/or species) by 
fitting linear mixed models with and without random slopes and intercepts for each dataset 
(and or species). These models were then compared using a likelihood ratio test (Zuur et al., 
2009) to determine whether the acclimation and adaptation coefficients differed among 
species. We used standard model validation tools (normal quantile plots and residual plots) to 
test the underlying assumptions in linear mixed models and used marginal and conditional r2 
values to evaluate the goodness of fit (Nakagawa &  Schielzeth, 2013). The complete 
database used for this analysis is available as a public data product (Kumarathunge et al., 





2.4.1 Temperature optimum for net photosynthesis at saturating irradiance (ToptA) 
The temperature optimum for leaf level net photosynthesis at saturating irradiance (ToptA) of 
mature plants in their natural habitats was strongly correlated with the temperature of the 
growth environment (Tgrowth; mean air temperature of preceding 30 days) (Figure 2.1a, Table 
2.1). Values of ToptA ranged from 16.3 to 32.4 °C, where the minimum and maximum values 
were observed for Arctic vegetation and tropical evergreen trees, respectively. The rate of 
increase in ToptA was 0.62± 0.07 °C per °C increase in Tgrowth.  
In the seasonal dataset (Figure 2.1b), we found strong evidence for acclimation of 
ToptA to the prevailing growth temperature. ToptA showed a significant increasing trend with 
Tgrowth. The mean rate of increase in ToptA was 0.34 ± 0.05 °C per unit increase in Tgrowth 
(Table 2. 1).  In contrast, no trend was observed with climate of origin in common garden 
studies (Table 2. 1). Here, we tested for a relationship between ToptA and the Thome (1960-1990 
mean maximum air temperature of the warmest month at species’ seed source) and we did 
not find any significant relationship for ToptA with Thome.  (Figure 2.1c, Table 2. 1). The results 
were similar for the two alternative definitions of the climate of origin (Table 2. S2). The lack 
of a significant relationship with the species’ home temperature in the common garden 
datasets suggests that the variation in ToptA of mature plants across ecosystems (Figure 2.1a) 
is more strongly driven by acclimation to growth temperatures (Figure 2.1b) than by local 
adaptation to climate of origin (Figure 2.1c).  
 
2.4.2 Temperature optimum for photosynthesis at a common Ci (ToptA275)   
Similar to ToptA, ToptA275 showed a strong correlation with Tgrowth in mature plants across 
ecosystems (Figure 2.1d, Table 2. 1). We found no significant differences in either intercept 
or slope of the linear regression between ToptA and ToptA275 vs Tgrowth (Table 2. 1), in both the 
mature (Figure 2.1a, d) and seasonal (Figure 2.1b, e) datasets, strongly suggesting that the 
observed variation in ToptA among ecosystems is not due to variation in the stomatal limitation 
of ToptA. This result also suggests that the observed seasonal pattern of ToptA (Figure 2.1b) was 
not driven by stomatal processes but rather by the effects of photosynthetic biochemical 
processes. Similar to ToptA, species in common garden studies did not show significant trends 





Figure 2.1. Acclimation to growth temperature is the principal driver of the optimum 
temperature for photosynthesis. Figure shows the temperature optimum for (a, b, c) leaf net 
photosynthesis (ToptA) and (d, e, f) net photosynthesis at an intercellular CO2 concentration of 
275 µmol mol-1 (ToptA275) of mature plants growing in their native environments (a, d), 
species in field (grown at ambient growth temperatures) measured at least in two or more 
seasons (b, e) and species or provenances from contrasting climates of origin grown in 
common growth temperatures (common gardens or controlled environments; c,f) . Tgrowth is 
the mean air temperature of preceding 30 days. Thome is the long-term (1960-1990) mean 
maximum temperature of the warmest month at species’ seed origin. Different colours in 
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panels (a,b) depict Plant Functional Types: orange, Tropical evergreen angiosperms (Tr-
EA); light blue, Arctic tundra; red, Temperate deciduous angiosperms (Te-DA); blue, 
Temperate evergreen angiosperms (Te-EA); green, Boreal evergreen gymnosperms (Br-EG); 
purple, Temperate evergreen gymnosperms (Te-EG); in panels (c, d, e, f) different datasets.  
The thick black lines in each panel are (a, d) least-squares linear regression fits; (b, c, e, f) 
linear mixed-effect model fits with random intercepts for each dataset. The thin lines in 
respective colours are the fitted random intercept models for individual datasets. Error bars 
represent ±1SE. 
 
2.4.3 Temperature dependence of biochemical capacities, Jmax & Vcmax 
Similar to ToptA, we found a strong increase in both ToptV and ToptJ with Tgrowth in the 
mature plants dataset (Figure 2.2a, d). The slopes of the linear regression with Tgrowth were 
similar for ToptV and ToptJ (0.71±0.20 and 0.63±0.15 °C °C-1 respectively). These sensitivities 
are similar in magnitude to the sensitivity of ToptA and ToptA275 to Tgrowth in the mature plants 
dataset.  For Vcmax, the trend in Topt was caused by an increase (p≈0.06) in EaV with increasing 
Tgrowth, and a strong decline in ∆SV (Figure 2.2b, c). For Jmax, however, there was no change in 
EaJ, only a decline in ∆SJ with increasing Tgrowth (Figure 2.2e, f).  
We decomposed the observed trends across biomes shown in Figure 2.2 by looking at 
seasonal datasets (Figure 2.3) and common garden studies (Figure 2.4) independently to 
identify the effect of seasonal acclimation and local adaptation of photosynthetic biochemical 
component processes. We found a strong increase in ToptV and ToptJ with Tgrowth (Figure 2.3a, 
d). The rate of increase in ToptJ per unit increase in Tgrowth was slightly higher than the ToptV 
(Table 2. 1) but the difference was not significant. Further, these sensitivities were found to 
be similar to the sensitivity of both ToptA and ToptA275 to Tgrowth. Similar to the mature plants 
dataset, we found a significant positive trend for EaV and a decreasing trend (p≈0.08) for ∆SV 
with increasing Tgrowth. (Figure 2.3b, c). For Jmax, however, there was no change in EaJ, only a 
strong decline in ∆SJ with increasing Tgrowth. (Figure 2.3e, f). 
We found no evidence to support adaptation of ToptV, EaV and ∆SV to climate of origin 
as there were no significant trends observed with temperature at species’ seed source (i.e. 
Thome) in the common garden dataset (Figure 2.4a, b, c). These observations were consistent 
with the lack of significant trends for ToptA in the common garden dataset. However, ToptJ and 
∆SJ showed significant trends with Thome (Figure 2.4d, e, f; Table 2. 1), suggesting adaptation 
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of both parameters to climate of origin. The results were similar for the two alternative 
definitions of the climate of origin (Table 2. S2). 
 
Figure 2.2. Biochemical temperature response parameters of the Mature plants dataset 
shows strong acclimation to mean air temperature of preceding 30 days (Tgrowth). Different 
colours represent Plant Functional Types as in Figure 2.1(a, d). Solid and dotted lines in 
each panel are the least-squares linear regression fits (this study; coefficients and r2 values 
given in Table 1) and the linear models proposed by Kattge & Knorr (2007) respectively. 




Table 2.1. Results of the linear regression analysis of the parameters of Eqn 1, 8 and 9*.  
 
Mature plants in native environment (Eqn 10) 
 
Seasonal dataset (Eqn 11) 
 
Common garden dataset (Eqn 12) 
 











ToptA 12.5 (1.4) 0.62 (0.1) 0.80 <0.001 18.2 (1.1) 0.34 (0.05) 0.27 0.87 <0.001 24.8 (2.1) 0.07 (0.1) 0.01 0.71 0.309 
ToptA275 14.9 (1.5) 0.63 (0.1) 0.84 <0.001 20.5 (1.2) 0.24 (0.05) 0.16 0.85 <0.001 26.8 (2.3) 0.07 (0.1) 0.03 0.30 0.400 
Biochemical parameters            
Vcmax25 85.3 (16.7) -1.84 (0.8) 0.19 0.404 58.2 (12.0) 0.50 (0.4) 0.01 0.94 0.252 33.4 (28.0) 1.62 (0.9) 0.07 0.91 0.096 
Jmax25 194.7 (24.1) -5.13 (1.2) 0.53 <0.001 141.3(18.8) -1.35 (0.7) 0.03 0.95 0.053 92.7 (47.2) 1.63 (1.6) 0.02 0.95 0.312 
EaV 48.7 (7.8) 0.82 (0.4) 0.14 0.067 39.7 (6.2) 1.14 (0.3) 0.32 0.91 <0.001 79.4 (13.1) -0.37 (0.5) 0.14 0.14 0.450 
EaJ 43.5 (9.8) -0.19 (0.5) 0.05 0.7143 27.2 (5.0) 0.26 (0.3) 0.04 0.82 0.325 51.5 (8.7) -0.38 (0.3) 0.20 0.20 0.247 
∆SV 662.0 (8.7) -1.31 (0.5) 0.30 0.011 645.1 (4.6) -0.38 (0.2) 0.09 0.82 0.089 647.9 (9.5) -0.36 (0.3) 0.08 0.66 0.302 
∆SJ 667.3 (7.8) -1.34 (0.4) 0.36 0.005 653.9 (4.6) -0.85 (0.2) 0.22 0.94 <0.001 662.3 (7.5) -0.99 (0.3) 0.49 0.84 <0.001 
ToptV 24.3 (3.8) 0.71 (0.2) 0.40 0.002 30.3 (1.9) 0.36 (0.1) 0.23 0.77 <0.001 34.3 (3.3) 0.12 (0.1) 0.05 0.36 0.335 
ToptJ 19.9 (2.9) 0.63 (0.2) 0.52 <0.001 27.6 (1.8) 0.31 (0.1) 0.13 0.91 <0.001 24.8 (3.4) 0.42 (0.1) 0.42 0.60 <0.001 
JVr 2.9 (0.2) -0.06 (0.01) 0.66 <0.001 2.3 (0.2) -0.03 (0.01) 0.07 0.17 <0.001 2.5 (0.3) -0.03 (0.01) 0.13 0.64 0.005 
Respiratory parameters           
RL25 2.8 (0.5) -0.09 (0.03) 0.38 0.0037 1.54 (0.42) -0.01 (0.02) 0.01 0.25 0.502 1.16 (0.45) 0.01 (0.01) 0.01 0.61 0.583 
Ea -20.7 (14.3) 1.18 (0.78) 0.07 0.1508 -9.17 (11.49) 0.42 (0.61) 0.02 0.83 0.485 -4.25 (43.38) 0.12 (1.57) 0.01 0.93 0.937 
RL25:Vcmax25 0.036 (0.01) 
-0.001 
(0.0003) 0.22 0.033 0.03 (0.01) 
-0.001 
(0.0003) 0.04 0.60 0.043 0.03 (0.01) 
-0.0005 
(0.0004) 0.06 0.53 0.149 
*For common garden and seasonal datasets, linear mixed models were fit accounting for between datasets variations of a given parameter (see materials and 
methods for details). For mature plants in native environments, parameter values were derived by fitting simple linear regression models (Eqn 10). Values in 




Figure 2.3. Biochemical temperature response parameters for the Seasonal dataset show 
strong acclimation to mean air temperature of preceding 30 days (Tgrowth). Data were 
measured on field-grown plants (including whole-tree chamber experiments) in two or more 
seasons. Solid and dotted lines in each panel are the linear mixed-effect model fits (this 
study; coefficients and r2 values are given in Table 2. 1) and the linear models proposed by 










Figure 2.4. Biochemical temperature response parameters for the Common garden dataset 
did not show adaptation to the long-term (1960-1990) mean maximum temperature of the 
warmest month at species’ seed origin (Thome). Data were measured in species or 
provenances from contrasting climates of origin grown at common growth temperatures 
(common gardens and controlled environments). Solid lines in each panel are the linear 
mixed-effect model fits (this study; coefficients and r2 values are given in Table 2.1). Error 






Figure 2.5. Vcmax, Jmax and Jmax:Vcmax ratio (JVr) at a standard leaf temperature (25 °C) of 
(a,b,c) mature plants growing in their native environments; (d,e,f) field-grown plants 
measured in two or more seasons; and (g,h,i) species or provenances from contrasting 
climates of origin grown in common growth temperatures (common gardens or controlled 
environments). Tgrowth is the mean air temperature of preceding 30 days. Thome is the long-
term (1960-1990) mean maximum temperature of the warmest month at species’ seed origin 
respectively. Solid lines in each panel are the least-squares linear regression fits (panels b 
and c), linear mixed-effect model fits with random intercepts for each dataset (panels f and i). 




2.4.4 The balance between Jmax and Vcmax 
We found no detectable correlation between Tgrowth and the basal rate of Vcmax at a 
standard temperature 25°C for mature plants in their natural habitats, but the basal rate of Jmax 
showed a strong decrease (Figure 2.5a, b).  The ratio of Jmax:Vcmax at 25 °C (JVr) showed a 
significant decrease with increasing Tgrowth (Figure 2.5c, Table 2. 1). We excluded the Scots 
pine, Finland dataset when fitting linear regression as the JVr value significantly departed 
from the general trend, and was therefore identified as an outlier (black circle in Figure 2.5c).   
Basal rates of Vcmax and Jmax did not show significant trends with Tgrowth, but JVr 
responded negatively to Tgrowth in the seasonal dataset (Figure 2.5d: f). We found no evidence 
to support adaptation of basal rates of Vcmax and Jmax to climate of origin; no parameters 
showed any significant trend with Thome in the common garden dataset (Figure 2.5g, h, Table 
2. 1). However, there was evidence of adaptation of JVr to climate of origin, as JVr showed a 
significant decrease with Thome in the common garden dataset (Figure 2.5i, Table 2. 1).  
 
2.4.5 Assessing the role of day respiration 
We found no detectable trends (Figure 2.S3, Table 2. 1) for either RL25 or Ea of mature 
plants in native environments. Similar results were found for common garden studies and no 
seasonal trends were observed for either RL25 or Ea in the seasonal dataset. However, the data 
showed a slight negative trend for RL25:Vcmax25 ratio with increasing Tgrowth (of mature plants 
in native environments) and Tgrowth (of seasonal datasets) (Figure 2.S4). Also we observed 
negative Ea values in all three datasets (Figure 2.S4). 
 
2.4.6 Model to represent acclimation and adaptation in vegetation models 
 Our results provide evidence that changes in the temperature response of 
photosynthesis among datasets are principally driven by acclimation of photosynthetic 
biochemistry to growth temperature. Both EaV and JVr showed strong acclimation to growth 
temperature with significant (albeit weak) acclimation of ∆SV. We found little evidence to 
support local adaptation of photosynthetic biochemistry to climate of origin. Only JVr and 
∆SJ showed statistically significant, but weak signals of local adaptation. We further tested 
whether variation in EaV and JVr can explain the seasonal acclimation of temperature 
optimum of photosynthesis observed in the seasonal dataset using linear regression analysis 
(JVr and EaV vs ToptA275). We found a strong negative trend for the relationship between JVr 
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and ToptA275 (Figure 2.6a). ToptA275 increased by ~6°C for a unit decrease in JVr. Also, we 
found significant trend between EaV and ToptA275; ToptA275 increased by ~0.2 °C for a unit 
increase in EaV (Figure 2.6b). Therefore, the observed trends in ToptA of mature plants in 
native habitats (Figure 2.1a) can be explained by the effect of growth temperature on EaV, 
∆SV, JVr and the effects of both growth temperature and climate of origin on ∆SJ and JVr. 
Hence, photosynthetic temperature acclimation and adaptation can be implemented in 
terrestrial biosphere models using these parameters. Therefore, we modified the baseline 
peaked Arrhenius functions (Eqn 8) to represent i) temporal variability of EaV and ∆SV using 
Eqn 12, ii) geographical and temporal variation of JVr ratio at 25°C and ∆SJ   using Eqn 13. 
The full final model is given in Table 2. 2.  
 
Figure 2.6. Relationship between JVr and temperature optimum for photosynthesis at a fixed 
intercellular CO2 concentration of 275 µmol mol-1 (ToptA275) (a) and relationship between EaV 
and ToptA275 (b). Data were measured on field-grown plants (including whole-tree chamber 
experiments) in two or more seasons. Lines in each panel are the linear mixed effect 
regression model fits (in panel a, 𝑇𝑇𝑜𝑜𝑝𝑝𝑛𝑛𝑜𝑜275  = 35.78 − 5.93 × 𝐽𝐽𝑉𝑉𝑟𝑟; R2=0.36, in panel b, 
𝑇𝑇𝑜𝑜𝑝𝑝𝑛𝑛𝑜𝑜275 = 13.11 + 0.20 × 𝐸𝐸𝑐𝑐𝑎𝑎; R2=0.49. Error bars represents ±1SE. 
 
We found that the new temperature response functions were able to predict the 
temperature optima of photosynthesis observed in field-grown mature plants with a high 
degree of accuracy (r2=0.80). The slope (1.09±0.15) and intercept (-2.20±4.10) of the linear 
regression between the predicted and observed ToptA were not significantly different from 
unity and zero respectively (Figure 2.7a, Table 2. S3). Our new model outperformed the 
Kattge & Knorr (2007) algorithms, which tend to underpredict ToptA (Figure 2.7b, Table 2. 
S3). Further, the use of PFT-specific values of Vcmax, together with a standard unacclimated 
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photosynthetic temperature responses (Leuning, 2002), was not able to predict the observed 
variability in ToptA as it predicts a ToptA ≈ 25 °C for all datasets (Figure 2.7a).  Note that the 
mature plant dataset was not included in fitting Eqn 11-13, so that the predicted ToptA275 in 
Figure 2.7a was independent of the data used to derived the model parameters.  
 
Figure 2.7. New temperature response functions were able to predict the temperature optima 
of photosynthesis observed in field-grown mature plants with a high degree of accuracy. 
Figure shows the observed and modelled temperature optimum for photosynthesis at a fixed 
Ci of 275 µmol mol-1 using model parameterizations given in Table 2. 2. (a) With acclimation 
and adaptation functions developed in this study ( 20.209.1 −= xy , r2=0.80), (b) Kattge & 
Knorr (2007) acclimation function ( 82.1358.1 −= xy , r2=0.83). The crossed circle in the x-
axis of panel a depicts the predicted ToptA275 with a fixed set of parameters without 
acclimation and adaptation (Leuning, 2002). Thin lines: 1:1 relationship; Thick lines: least-
squares regression fit. In panel a, the intercepts and the slope of the linear regression were 






Table 2.2. Parameters of the temperature acclimation and adaptation functions developed in this study. 
Parameter Model representation Value Units 
Vcmax25 Plant functional type 
specific              
Te-DA     
Te-EA    
Te-EG     
Br-EG       
Tr-EA     








𝜇𝜇mol m-2 s-1 
Jmax25 Acclimation + Adaptation Vcmax25 × JVr 𝜇𝜇mol m-2 s-1 
JVr Acclimation + Adaptation 2.56 − 0.0375𝑇𝑇home − 0.0202(𝑇𝑇growth − 𝑇𝑇home) unitless 
EaV Acclimation 42.6 + 1.14𝑇𝑇growth kJ mol-1 
EaJ Global mean 40.71 kJ mol-1 
∆Sv Acclimation 645.13 − 0.38𝑇𝑇growth J mol-1 K-1 
∆SJ Acclimation + Adaptation 658.77 − 0.84𝑇𝑇home − 0.52(𝑇𝑇growth − 𝑇𝑇home) J mol-1 K-1 
Thome is the long-term (1960-1990) mean maximum temperature of the warmest month, Tgrowth is the mean air temperature of preceding 30 
days. Plant Functional Types, Te-DA: temperate deciduous angiosperms, Te-EA: temperate evergreen angiosperms, Te-EG: temperate 





 We developed new mathematical functions to represent the photosynthetic temperature 
response in terrestrial biosphere models to account for both acclimation to growth 
temperature and adaptation to climate of origin using a global database that contains more 
than 140 species. We found acclimation to growth temperature to be the principal driver of 
the photosynthetic temperature response, and observed only a few modest effects of 
adaptation to temperature at the climate of origin. The observed variation of temperature 
optimum for leaf net photosynthesis was primarily explained by the photosynthetic 
biochemical component processes rather than stomatal or respiratory processes. The new 
temperature response functions presented here capture the observed ToptA across biomes with 
higher degree of accuracy than previously proposed algorithms. 
 
2.5.1 Adaptation of ToptA to climate of origin 
  Despite a significant range in long term mean temperature at species’ seed sources, we 
found no predictable relationship for ToptA with climate of origin when species were grown in 
common gardens. Therefore, our results do not support the hypothesis ToptA is adapted to 
species’ climate of origin (hypothesis 1). Our results contrast with previous studies which 
found that ToptA is related to species climate of origin (Fryer &  Ledig, 1972, Robakowski et 
al., 2012, Slatyer, 1977, Slatyer, 1978), but there are a number of studies which compare the 
temperature response of photosynthesis and report a lack of local adaptation of ToptA 
(Gunderson et al., 2000, Ledig &  Korbobo, 1983). We propose two hypotheses to explain 
the lack of local adaptation of ToptA; i) there is a lack of specialization in photosynthetic 
biochemistry in relation to climate of origin and ii) the capacity of species to adjust their ToptA 
to temporal variations in local thermal environment could mask ecotypic thermal adaptation 
of ToptA (Robakowski et al., 2012). 
 With respect to hypothesis (i), Rubisco activity is one of the key photosynthetic 
biochemical determinants and one of the most temperature responsive physiological process 
(Galmés et al., 2015). Several lines of evidence suggest that Rubisco catalytic properties, 
including the relative specificity for CO2/O2 (Sc/o), the Michaelis–Menten constants for CO2 
(Kc) and O2 (Ko), and the maximum turnover of carboxylation (kc), differ among species that 
have evolved under different thermal environments (Andersson &  Backlund, 2008, Galmes 
et al., 2014). However, it is not clear whether these differential responses are due to genetic 
36 
 
adaptation of Rubisco kinetics to climate of origin or to the temporal effects of growth 
temperature. Galmés et al. (2015) argued that closely related species could be less adapted to 
their current thermal environment due to past strategies that limit adaptation of Rubisco to 
new thermal regimes (Lambers et al., 2008). This hypothesis was further supported by Savir 
et al. (2010) who suggested point mutations may not cause a significant improvement in 
Rubisco activity due to its close optimality in the net photosynthetic rate (Tcherkez et al., 
2006). As a result, the adaptive evolution of Rubisco to novel thermal environments may be 
rare, as adaptation to a local environment will be working against the selective pressure to 
cope with seasonal and annual temperature variations and would reduce species fitness, and 
expansion into new niches with different thermal environments.  Other than the parameters 
∆SJ and JVr, our results do not show evidence for thermal adaptation of photosynthetic 
biochemical parameters. Thus we suggest that the lack of local adaptation of ToptA. may be 
partially explained by the lack of specialization in photosynthetic biochemistry, particularly 
Rubisco kinetic properties to species climate of origin.  
 Regarding ii), we suggest that the capacity of Rubisco kinetic properties to adjust to 
temporal variations in growth temperature could potentially mask the species’ pre-adaptive 
responses to their original thermal environments. Here, we show strong evidence for the 
acclimation of ToptA to species Tgrowth which is primarily due to the variations in 
photosynthetic biochemical component processes JVr, EaV, ∆SV and ∆SJ in relation to the 
seasonal temperature dynamics.  Potential mechanisms by which the kinetic properties of 
Rubisco could be altered in response to changes in temperature include structural changes in 
the Rubisco enzyme itself (Huner, 1985, Huner &  Macdowall, 1979, Yamori et al., 2006); 
changes in the concentration of other photosynthetic enzymes such as Rubisco activase 
(Yamori et al., 2005, Yamori et al., 2011); expression of cold/heat stable isozymes (Yamori 
et al., 2006); and by alterations in membrane fluidity (Falcone et al., 2004). A number of 
previous studies have demonstrated short-term acclimation of Rubisco kinetics to growth 
temperature (Crous et al., 2018, Kattge &  Knorr, 2007, Lin et al., 2013, Medlyn et al., 
2002b, Smith &  Dukes, 2017, Yamaguchi et al., 2016, Yamori et al., 2006) although the 
sensitivities of the responses varied. In addition, studies that have compared the acclimation 
capacity of multiple species in common growth temperatures have shown similar direction 
and magnitude of short-term temperature acclimation of ToptA (Berry &  Björkman, 1980, 
Sendall et al., 2015) and Rubisco kinetics (Lin et al., 2013, Smith &  Dukes, 2017) across 
species irrespective of their climate of origin.  Therefore, we argue that the capacity of 
species to adjust their photosynthetic biochemistry to temporal variations in growth 
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temperature provides a fitness advantage over that of local climatic adaptation of ToptA and its 
related mechanisms, by enabling species to optimize carbon balance in their current habitat 
(Hikosaka et al., 2006).  
 The lack of a temperature adaptation response in this study contrasts with the results of 
a previous meta-analysis which found both evolutionary changes and an acclimation effect on 
ToptA (Yamori et al., 2014). Our common garden studies compared closely related species (or 
provenances of the same species) in most cases. The most climatically divergent sets of 
species included in this study were those of Vårhammar et al. (2015) (lowland and montane 
tropical species) and Dillaway and  Kruger (2010) (North American boreal and temperate 
deciduous species; see Table 2.S1). In contrast, Yamori et al. (2014) compared temperature 
responses of C3, C4 and CAM plants and found evidence of evolutionary shifts among these 
functional groups. Other common garden studies with taxonomically diverse species have 
also provided evidence for evolutionary changes in ToptA in relation to climate of origin 
(Cunningham &  Read, 2002, Reich et al., 2015).  
 
2.5.2 Acclimation of ToptA to growth temperature 
 Our observations of seasonal photosynthetic temperature response datasets suggest that 
the seasonal plasticity in ToptA is principally driven by (i) the adjustment of the temperature 
response of the Rubisco limited photosynthetic rate and (ii) the balance between Rubisco 
limited and electron transport limited photosynthetic rates. These two mechanisms control the 
seasonal shifts in ToptA as follows.  First, at biologically relevant leaf temperatures, the light 
saturated net photosynthetic rate is mostly limited by Rubisco activity (De Kauwe et al., 
2016, Rogers &  Humphries, 2000, Yamaguchi et al., 2016). An increase in EaV along with a 
decrease in ∆SV increases the Rubisco-limited photosynthetic rate with temperature, and thus 
affects the shape of the photosynthetic temperature response. The rate of increase in EaV with 
Tgrowth in this study (1.14 kJ mol-1 ◦C-1) aligns closely with previous reports (Hikosaka et al., 
2006: 1.01 kJ mol-1 ◦C-1). A number of potential causes have been suggested for variations in 
EaV across species, including mesophyll conductance to CO2 diffusion (Bernacchi et al., 
2002, von Caemmerer &  Evans, 2015, Walker et al., 2013, Warren et al., 2007), kinetic 
properties of Rubisco (Yamori et al., 2006), distribution of leaf nitrogen among 
photosynthetic proteins (Yin et al., 2018) and the influence of other enzymes that affect the in 
vivo activity of Rubisco (Onoda et al., 2005). Further, the Rubisco activation status could also 
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be a significant factor contributing to the observed trends in EaV with Tgrowth as evidence 
suggested that, plants have the capacity to maintain high Rubisco activation status through an 
increase in Rubisco activase concentration and expression of heat stable Rubisco activase 
isoforms (Crafts-Brandner &  Salvucci, 2000, Sage et al., 2008, Yamori et al., 2014). 
However, not all authors find a change in EaV with growth temperature. Kattge & Knorr 
(2007) did not find any temperature acclimation in EaV. They argued that the choice of a 
standard, rather than peaked, Arrhenius model to fit the temperature response for Vcmax 
without considering the deactivation energy would be a possible reason for the observed 
acclimation responses of EaV in previous studies (e.g. Hikosaka et al. 2006). However, here 
we used the peaked Arrhenius model, and thus the acclimation of EaV that we observed is not 
an artifact of model choice. 
The second important mechanism for acclimation was a change in the magnitude of 
JVr, as has also been observed by (Crous et al., 2018, Crous et al., 2013, Kattge &  Knorr, 
2007, Lin et al., 2013). The ratio determines the transition between the two limiting steps, Wc 
and Wj. As the temperature responses of Wc and Wj  are different from each other with 
different optimum temperatures (Topt of Wc < Topt of Wj), ToptA is potentially determined by the 
limiting step (Hikosaka, 1997, von Caemmerer &  Farquhar, 1981). At higher JVr, the 
photosynthetic rate is mostly limited by RuBP carboxylation, therefore, ToptA tends to be a 
lower value and vice versa.  
 The acclimation capacity of ∆SV observed in this study (-0.38 J mol-1 K-1) was lower 
compared to the -1.07 J mol-1 K-1 ◦C-1 reported in (Kattge &  Knorr, 2007). The higher 
sensitivity observed in Kattge & Knorr (2007) would potentially be explained by the lack of 
variation in EaV. Both EaV and ∆SV are correlated: a high sensitivity in EaV to Tgrowth would 
potentially cause ∆SV to be less sensitive and vice versa.  
 We observed changes in JVr with temperature in all three datasets (Figure 2.5), but only 
the mature plant dataset showed a change in either of the two terms contributing to this ratio. 
In this dataset, the reduction in JVr is driven by a reduction in Jmax25, whereas in the other two 
datasets, there is no overall effect on either Vcmax25 or Jmax25. Some previous studies have 
observed changes in Vcmax25 with growth temperature in more limited datasets (Ali et al., 
2015, Crous et al., 2018, Lin et al., 2013, Scafaro et al., 2017, Smith &  Dukes, 2018, Way &  
Oren, 2010), but here we did not find any consistent pattern in Vcmax25. It appears that JVr 
responded strongly and consistently to growth temperature, but whether this is achieved by 
increasing Vcmax, decreasing Jmax, or both, is highly variable. We speculate that the global 
pattern in Jmax observed in Figure 5b may be a response to increasing light availability in the 
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tropics, following the co-limitation hypothesis, as proposed by Dong et al. (2017), rather than 
a response to growth temperature.  
 
2.5.3 Improved temperature response functions for photosynthetic capacity  
 We demonstrate acclimation to growth temperature to be the principal driver, and only 
a few modest effects of adaptation, in photosynthetic temperature responses at global scale.  
Our results highlight the limitation of using a fixed set of parameters to determine ToptA, and 
challenge the use of plant functional type-specific Vcmax25 and Jmax25 with a fixed set of 
temperature response parameters without accounting for temperature acclimation and 
adaptation (Leuning, 2002) in terrestrial biosphere models (Harper et al., 2016, Rogers et al., 
2017a). We also demonstrate that the current representation of photosynthetic temperature 
acclimation (Kattge &  Knorr, 2007) that has been implemented in some terrestrial biosphere 
models (Lombardozzi et al., 2015, Smith &  Dukes, 2013, Smith et al., 2016), was not able to 
predict the observed patterns in ToptA across biomes.   
 We proposed new algorithms for temperature response that are based on a broad 
range of data, account for both geographical and temporal variability in photosynthetic 
biochemical component processes, and are able to capture observed variation of ToptA across 
biomes with a high degree of accuracy. The temperature response functions that we propose 
have a broad temperature domain (~ 3 – 37 °C) which should enable their use in terrestrial 
biosphere models without outer domain uncertainties (Stinziano et al., 2017)), a limitation of 
the algorithms proposed previously (Katte & Knorr, 2007) that are widely implemented in 
terrestrial biosphere models (BETHY, CLM4.5, Orchidee). Due to these advantages, our new 
photosynthetic temperature algorithms provide an improved representation of geographical 
and temporal variability in ToptA and should ultimately improve the accuracy of predicted 








2.6 Supporting information for chapter 2 
 
Figure 2. S 1. Distribution of datasets used in this study. Red circles represent location of the 
species’ seed source and the black circles show experiment locations. Note for some datasets, 
seed source location and experiment locations are similar    
 
 
Figure 2. S 2. Relationship between apparent Vcmax and Jmax values derived using two A/Ci 
curve fitting routines in the fitaci function within planecophys package. Each filled circle 
represents a value of either Vcmax or Jmax fitted with and without accounting for TPU 
limitation. The thick black lines in each panel depicts the 1:1 relationship. Note the Vcmax 






Figure 2. S 3. Basal rate of leaf day respiration at a standard leaf temperature 25 °C (RL25) 
and its temperature response parameters, Ea; activation energy of respiration for mature 
plants growing in their native environments (a, b), species in field (grown at ambient growth 
temperatures) measured in at least two or more seasons (c, d) and species or provenances 
from contrasting climates of origin grown in common growth temperatures (common garden 
experiments and controlled environment experiments; e,f).  Tgrowth is the mean air 
temperature of the preceding 30 days. Thome is the long-term (1960-1990) mean maximum 
temperature of the warmest month at plants’ seed origin. The thick black line in panel a is the 





Figure 2. S 4. RL:Vcmax ratio at a standard leaf temperature 25 ◦C of mature plants growing in 
their native environments (a), species in field (grown at ambient growth temperatures) 
measured in at least two or more seasons (b) and species or provenances from contrasting 
climates of origin grown in common growth temperatures (common garden experiments and 
controlled environment experiments; c).  Tgrowth is the mean air temperature of the preceding 
30 days. Thome is the long-term (1960-1990) mean maximum temperature of the warmest 
month at plants’ seed origin. The thick black lines in is the least square linear regression fit 
(panel a), linear mixed effect regression model fits with random intercept for each dataset 
(panel b). Error bars represent ±1SE. Legend follows Figure 2.1 in main text 
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Table 2. S 1. List of data sources. The database is publicly available at https://doi.org/10.6084/m9.figshare.7283567. Analysis, MNE: mature 
plants in native environments data to identify the patterns in photosynthetic temperature responses of trees in natural ecosystems, CG: common 
garden data used to test for adaptation, S: seasonal data used to test for acclimation. In dataset names, DBF: deciduous broadleaf forest, EBF: 
evergreen broadleaf forest. Plant Functional Types, Te-DA: temperate deciduous angiosperms, Te-EA: temperate evergreen angiosperms, Te-
EG: temperate evergreen gymnosperms, Br-EG: boreal evergreen gymnosperms, Tr-EA: tropical evergreen angiosperms and Arctic tundra: 
Arctic spp.   









latitude  longitude 
Measurement PPFD  







Growth condition Age of 
plants 
Reference Analysis 
Dillaway DBF spp, USA-IL 
 
Illinois, USA 









1800 21 – 37  30.6 Field (CG) saplings  Dillaway and  
Kruger (2010) 
CG 
Dillaway DBF spp, USW-WI (N) 
 










1800 21 – 37    18.7 Field (CG) saplings  Dillaway and  
Kruger (2010) 
CG 
Dillaway DBF spp, USW-WI (S) 
 










1800 21-37  22.5 Field (CG) saplings  Dillaway and  
Kruger (2010) 
CG 
Lin Eucalyptus spp, AU-NSW 
 














1500 15 – 36   8.8 – 25.3 Field (CG) saplings  Lin et al. (2013) CG, S 
Vårhammar EBF spp, Rwanda 
 




Hagenia abyssinica,  
Cedrela serrata,  
Eucalyptus maidenii 
Eucalyptus microcorys 











Rainforest, understorey Puerto 
Rico 
Luquillo, Puerto Rico 
(18.18, -65.50) 
Prestoea montana Psychotria 
brachiate 
Piper glabrescens 
Rourea surinamensis Miconia 
prasina 
Tr-EA 18.18 -65.50 800 20 – 40  24.0 Field (NE) mature Kelsey R. Carter and 
Molly A. Cavaleri 
Unpublished data 
MNE 
Black Spruce, USA-MN Minnesota, USA 
(47.50, -93.45) 
Picea mariana Br-EG 47.50 -93.45 1700 2 – 50  5.3 – 17.5  Field (NE) mature Jensen et al. (2015) MNE, S 
Arctic tundra, USA-AK 
 









Arctic tundra        71.28 -
156.65 
2000 5 – 25  3.1 Field (NE) mature Rogers et al. (2017b) MNE 
Loblolly Pine, US-NC North Carolina, USA  
(35.96, -79.08) 
Pinus taeda Te-EG 35.96 -79.08 1800 10 – 35  11.8 – 26.4 Field (NE) mature David S. Ellsworth, 
Unpublished data 
MNE, S 
Eucalypt Woodland, AU-NSW Richmond NSW, Australia 
(-33.62, 150.74) 








E. salubris,  
E. transcontinentalis, Eremophila 
scoparia,  
Acacia aneura,  
Acacia hemiteles 
Callitris columellaris 
Te-EA -30.19 120.65 1800 20 – 35  21.9 Field (NE) mature  Fürstenau Togashi et 
al. (2017) 
MNE 
Hinoki Cypress, Japan Tsukuba, Japan 
(36.05, 140.11) 
Chamaecyparis obtusa Te-EG 36.05 140.11 1100 15 – 30  11.9  Field (NE) seedlings  Han et al. (2006) S 
Japanese Beech, 
Japan 
Mt Hakkoda, Japan 
(38.15, 140.30) 
Fagus crenata Te-DA 40.63 140.85 1000 - 2000 15 – 35  15.9 – 25.3  Field (NE) seedlings  Onoda et al. (2005) S 




Pinus densiflora Te-EG 35.45 138.8 1100 15 – 30  11.8 Field (NE) mature  Han et al. (2004) MNE 






Tr-EA 18.31 -65.73 
 
600 - 800 20 – 35  24.0 Field (NE) mature Alida C. Mau and 
Molly A. Cavaleri 
Unpublished data 
MNE 
















Tapirira guianensis     
Terminalia amazonia     
Tocoyena pittieri       
Vantanea depleta        
Tr-EA 8.99 -79.54 1500 22 – 42   26.9 Field (NE) mature Slot and  Winter 
(2017b)  





Virola multiflora       
Vochysia ferruginea 
Astronium graveolens   Castilla 
elastica       
Cecropia peltata       
Chrysophyllum cainito  Ficus 
insipida          
Luehea seemannii 
Macrocnemum roseum     
Nectandra cuspidata    
 Pittoniotis trichantha  
Schefflera morototoni  






Maritime Pine, France Bordeaux, France 
(44.0, 0.58) 
  
Pinus pinaster  
(prov. Landes) 
 Pinus pinaster  
(prov. Tamjout) 
Te-EG 44.0 0.58 
 
35.14 5.25 
1400 15 – 35  6.7 – 20.9  Field (NE) mature  Medlyn et al. 
(2002b) 
MNE, CG, S 

















Licania micheli  
Ocotea sp. 
Quaruba branca 












Micropholis guyanensis  
Eschweilera coriacea 
Bellucia dichotoma 
Zygia racemosa  
Pouteria williamii 
Licania octandra 
Tr-EA -2.63 -60.12 1000 25 – 42  25.8 – 27.8  Field (NE) mature Tribuzy (2005) MNE, S 
Rainforest, Au-QLD 
 




Tr-EA -16.10 145.44 1000 25 – 40  24.3 – 27.5  Field (NE) mature Kelly (2014) MNE, S 
Savanna Eucalypt, AU-NT Darwin, NT, Australia  
(-14.16, 131.39) 
Eucalyptus tetrodonta Te-EA -14.16 131.39 2000 25 – 40  27.1 Field (NE) mature Cernusak et al. 
(2011) 
MNE 













Pinus sylvestris Br-EG 64.16 19.75 1500 15 – 35  15.4 Field (NE) mature Lasse et al. (2018) MNE 
Subalpine Eucalypt, AU-NSW Tumbarumba NSW, Australia 
(-35.66, 148.15) 
Eucalyptus delegatensis Te-EA -35.66 148.15 
 
 
1500 12 – 32  11.9 Field (NE) mature  Medlyn et al. (2007) MNE 
Scots Pine, Finland Mekrijarvi, Finland 
(62.78, 30.96) 
Pinus sylvestris Br-EG 62.78 30.96 1200 5 – 23  14.0  Field (NE) mature  Wang et al. (1996) MNE 
Eucalyptus tereticornis provs 
AU-NSW 
Richmond NSW, Australia 
(-33.62, 150.74) 








1500 18 – 42  18 – 35.5  Glasshouse seedlings  Javier Cano and John 
E. Drake, 
Unpublished data  
CG 
Pinus sylvestris provs, USA-WI Madison, Wisconsin, US 
(43.07, -89.4) 














1500 15 – 37  23/20  and 
17/14 °C 
day/night 
Growth chamber seedlings Mark G. Tjoelker, 
Unpublished data. see 
also Oleksyn, 
Tjoelker and Reich 
(1998) 
CG 
Corymbia calophylla provs, AU-
NSW 
 
Richmond NSW, Australia 
(-33.62, 150.74) 
Corymbia calophylla  
prov Cape Richie 








1800 20 – 40  26 .0 Glasshouse seedlings  Aspinwall et al. 
(2017) 
CG 
Ghannoum Eucalypt spp, AU-
NSW 
 
Richmond NSW, Australia 
(-33.62, 150.74) 
Eucalyptus saligna, Eucalyptus 
sideroxylon 
Te-EA -30.57 152.15 
-32.99 147.89 
1500 15 – 43  22.0  Glasshouse seedlings Ghannoum et al. 
(2010b) 
CG 


















1500 10 – 40  17.3  Nursery seedlings  Dreyer et al. (2001) CG 
Eucalyptus saligna, AU-NSW Richmond NSW, Australia 
(-33.62, 150.74) 
Eucalyptus saligna Te-EA -30.43 152.04 1800 18 – 36  17.7 – 22.6 Whole tree 
chambers 
saplings  Yan Shih Lin, 
Unpublished data 
S 
Eucalyptus globulus, AU-NSW Richmond NSW, Australia 
(-33.62, 150.74) 
Eucalyptus globulus Te-EA -38.8 143.59 1800 17 – 41  19.7 – 24.9  Whole tree 
chambers 
saplings  Crous et al. (2013) S 
Eucalyptus tereticornis, AU-
NSW 
Richmond NSW, Australia 
(-33.62, 150.74) 
Eucalyptus tereticornis Te-EA -33.62 150.74 1800 20 – 42  14.4 – 22.6  Whole tree 
chambers 
saplings Kristine Crous and 





Richmond NSW, Australia 
(-33.62, 150.74) 
Eucalyptus parramattensis Te-EA -33.62 150.74 1800 17 – 42  15.1 – 18.0  Whole tree 
chambers 




Eucalyptus globulus, AU-TAS Hobart, Tasmania 
(-42.81 146.61) 





Table 2. S 2. Results of the linear regression analysis of the parameters of Eqn 1, 7 and 8 for 
common garden dataset. Eqn 12 was parameterized with two alternative temperatures at 
species’ seed source. Linear mix models were fit accounting for between datasets variations 
of a given parameter (see materials and methods for details). Values in parentheses are 











ToptA 25.43 (1.62) 0.07 (0.07) 0.01 0.71 0.3174 
ToptA275 26.85 (1.93) 0.09 (0.09) 0.03 0.32 0.3319 
Biochemical parameters 
Vcmax25 50.05 (24.66) 1.36 (1.13) 0.03 0.90 0.2302 
Jmax25 120.96 (41.93) 0.8 (1.89) 0.01 0.95 0.6708 
EaV 78.63 (11.08) -0.46 (0.56) 0.15 0.15 0.4113 
EaJ 51.83 (7.52) -0.53 (0.38) 0.25 0.25 0.1614 
∆SV 644.68 (7.54) -0.35 (0.37) 0.07 0.56 0.3411 
∆SJ 654.26 (5.80) -0.96 (0.29) 0.48 0.73 <0.001 
ToptV 35.23 (2.65) 0.12 (0.13) 0.04 0.28 0.3857 
ToptJ 27.41 (2.74) 0.43 (0.14) 0.37 0.49 0.0028 
JVr 2.4 (0.21) -0.03 (0.01) 0.03 0.08 0.0037 
Respiratory parameters 
RL25 1.28 (0.40) 0.01 (0.02) 0.01 0.61 0.7848 
Ea 13.21 (38.47) -0.70 (1.86) 0.01 0.94 0.7045 







ToptA 26.41 (1.19) 0.03 (0.07) 0.01 0.70 0.6227 
ToptA275 28.27 (1.52) 0.03 (0.1) 0.01 0.32 0.7735 
Biochemical parameters 
Vcmax25 84.95 (22.09) -0.51 (1.39) 0.01 0.90 0.7132 
Jmax25 160.39 (36.33) -1.59 (2.25) 0.01 0.95 0.4780 
EaV 75.74 (7.48) -0.44 (0.52) 0.13 0.13 0.3985 
EaJ 48.66 (4.88) -0.53 (0.35) 0.24 0.24 0.1235 
∆SV 640.70 (4.98) -0.23 (0.33) 0.03 0.42 0.5050 
∆SJ 642.60 (4.53) -0.50 (0.31) 0.17 0.57 0.1040 
ToptV 36.75 (1.75) 0.05 (0.12) 0.01 0.14 0.6599 
ToptJ 34.47 (2.31) 0.07 (0.16) 0.01 0.23 0.6544 
JVr 2.01 (0.20) -0.01 (0.01) 0.01 0.05 0.2730 
Respiratory parameters 
RL25 1.47 (0.38) -0.01 (0.02) 0.01 0.61 0.7338 
Ea 25.49 (34.88) -1.86 (2.35) 0.04 0.95 0.4276 
RL25:Vcmax25 0.0184 (0.007) 0.0001 (0.0005) 0.01 0.46 0.9149 
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Table 2. S 3. Results of the linear regression analysis between observed and modelled 
temperature optimum for photosynthesis at a fixed Ci of 275 µmol mol-1 using model 
parameterizations given in Table 2. 2 in the main text and Kattge & Knorr (2007) algorithm. 
Values in parentheses are standard errors. 
   




(slope)  r2 
This study -2.20 (3.7) 1.1 (0.1) 0.5634 <0.001 0.79 
Kattge & Knorr (2007) -13.8 (4.6) 1.6 (0.2) 0.0086 <0.001 0.83 
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Chapter - 3 No evidence for triose phosphate limitation of light saturated leaf 
photosynthesis under current atmospheric CO2 concentration 
 
3.1 Abstract 
The triose phosphate utilization rate (TPU) has been identified as one of the processes 
that can limit terrestrial plant photosynthesis. However, we lack a robust quantitative 
assessment of TPU limitation of photosynthesis at the global scale. As a result, TPU is poorly 
represented in terrestrial biosphere models. In this study, we utilised a global dataset of 
photosynthetic CO2 response curves representing 141 species from tropical rainforests to 
Arctic tundra and spanning a long-term mean growing season temperature range of 3 to 30°C. 
We quantified TPU by fitting the standard biochemical model of C3 photosynthesis to 
measured photosynthetic CO2 response curves, and characterised its instantaneous 
temperature response. Our results demonstrate that TPU does not limit leaf photosynthesis at 
the current ambient atmospheric CO2 concentration. Furthermore, our results showed that the 
light saturated photosynthetic rates of plants growing in cold environments are not more often 
limited by TPU than those of plants growing in warmer environments. In addition, our study 
showed that instantaneous temperature responses of TPU are distinct from temperature 
responses of the maximum rate of Rubisco carboxylation. The new formulations of the 
temperature response of TPU derived in this study may prove useful in quantifying the 
biochemical limits to terrestrial plant photosynthesis and improve the representation of plant 




Terrestrial biosphere models are one of the principal tools used to estimate the impact 
of climate change on terrestrial vegetation (Medlyn et al., 2011; Mercado et al., 2018; Rogers 
et al., 2017). Plant photosynthesis is one of the key components in these models. Robust 
representation of photosynthesis and its response to climate change are important for 
predicting the response of terrestrial vegetation to global change. Many terrestrial biosphere 
models incorporate the Farquhar et al., (1980) biochemical model of C3 photosynthesis 
(FvCB hereafter) to estimate terrestrial gross primary productivity (Rogers et al., 2017). 
Hence, the effect of climate change on modelled gross primary productivity depends on the 
formulation and parameterisation of the FvCB model, and in particular, on the sensitivity of 
the key model parameters to environmental variables such as temperature, atmospheric CO2 
concentration and soil moisture (Smith & Dukes 2013).  
The FvCB model mechanistically represents photosynthetic CO2 assimilation as the 
minimum of two biochemical processes: Rubisco carboxylation, and ribulose-1,5-
bisphosphate (RuBP) regeneration (von Caemmerer, 2013; Farquhar et al., 1980). However, 
under some environmental conditions, a third biochemical process, the triose phosphate 
utilization rate (TPU), limits net photosynthesis (Harley & Sharkey; 1991; McClain & 
Sharkey, 2019; Sharkey, 1985; Sharkey et al., 2007).  Decades of empirical research has 
sought to improve the model representation of the first two processes (Hikosaka et al., 2006; 
Kattge & Knorr, 2007; Kumarathunge et al., 2018a, Medlyn et al., 2002; Rogers et al., 2017; 
Wullschleger, 1993). In chapter 2, we investigated the acclimation and adaptation 
components of these two processes and developed new mathematical functions to represent 
those responses in terrestrial biosphere models. In contrast, TPU is often ignored when 
parameterising the FvCB model (Crous et al., 2013; De Kauwe et al., 2016; Manter & 
Kerrigan, 2004; Vårhammar et al., 2015) and is rarely implemented in TBMs (Kattge, Knorr, 
Raddatz, & Wirth, 2009; Smith et al., 2017; Smith et al., 2016). Although we have a sound 
biochemical understanding of the TPU limitation on plant photosynthesis (Sharkey, 1985), 
we lack a robust quantitative assessment of TPU limitation of photosynthesis at the global 
scale. There is a dearth of empirical evidence of environmental controls on TPU limitation 
across different plant functional types and biomes (Lombardozzi et al. 2018) which is a 
critical knowledge gap limiting informed implementation of terrestrial biosphere 




Empirical studies demonstrate that TPU limitation occurs more frequently at higher 
CO2 concentration (Busch & Sage, 2017; Labate & Leegood, 1988; Sage et al., 1989), but it 
is not clear to what extent it limits photosynthesis at current or future predicted atmospheric 
CO2 concentrations. Some studies indicate that net photosynthesis is more likely to be TPU 
limited at low temperatures even under ambient CO2 concentrations (Busch & Sage, 2017; 
Sage & Sharkey, 1987; Stitt & Hurry, 2002; Strand et al., 1997; Yang et al., 2016), but it is 
not clear how widespread this finding might be. At low temperatures, due to lower activity of 
proteins of the sucrose synthesis pathway (e.g. cytosolic fructose-1,6-bisphosphatase, sucrose 
phosphate synthase), the rate of triose phosphate production in the Calvin cycle cannot be 
met by the capacity of sucrose synthesis (Pons, 2012). Due to this over-proportional decrease 
in sucrose synthesis, it can be expected that TPU limitation would be more frequent at low 
temperatures (Sharkey et al., 1986, Stitt et al., 1988). Hence, it can be hypothesised that TPU 
limitation of photosynthesis is more prevalent in plants growing at cold environments 
compared to the plants grown at warm environments. Nevertheless, several lines of evidence 
suggested that sucrose synthesis capacity is increased as the plants acclimate to low 
temperatures (Stitt & Hurry, 2002). Also, previous literature suggested that plants regulate 
TPU, Rubisco activity, and RuBP regeneration so that the capacity to fix carbon will not 
exceed the capacity to make sugars (Stitt &  Grosse, 1988, Stitt et al., 1988). Further, plants 
maintain TPU rate just slightly higher than what is likely to be required (Yang et al., 2016). 
Hence, it is also likely that photosynthesis of cold acclimated plants is less likely to be 
limited by TPU as has been observed previously in a limited number of species (Sage & 
Sharkey, 1987). However, it is not clear to what extent that TPU limits photosynthesis in 
plants growing in the diverse range of different growth temperatures that are represented by 
terrestrial biosphere models. Most studies on TPU limitation have been conducted under 
controlled experimental conditions (Bernacchi et al. 2013). Evidence for the occurrence of 
TPU limitation in mature plants in natural ecosystems is rare (Ellsworth, Crous, Lambers, & 
Cooke, 2015). Owing to this lack of evidence, many terrestrial biosphere models either do not 
consider TPU limitation or represent it non-mechanistically (Rogers et al. 2017, Lombardozzi 
et al. 2018). For example, some models assume TPU to be a fixed fraction of the maximum 
rate of Rubisco carboxylation (Vcmax), where Wp=0.5Vcmax (Clark et al., 2011,Oleson et al 
2013; Collatz et al., 1991). Moreover, these models assume that the temperature response of 
TPU is identical to that for Vcmax (e.g. Oleson et al., 2013). Studies of the temperature 
response of TPU are also rare (Yang et al., 2016), so there are limited resources available to 
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inform the adoption of an independent TPU temperature response in terrestrial biosphere 
models.  
Recently, Lombardozzi et al (2018) examined the effect of including TPU limitation 
in the Community Land Model v4.5 (CLM). They found that implementation of TPU in CLM 
resulted in a limitation of photosynthesis by TPU under present day and future predicted 
ambient CO2 concentrations, most consistently at high latitudes, and an approximate 6% 
reduction in terrestrial carbon uptake and storage at the end of the 21st century. To represent 
TPU, the following assumptions were made. Firstly, TPU was assumed to be a fixed fraction 
of Vcmax. Secondly, the temperature response of TPU was assumed to be the same as for Vcmax. 
Thermal acclimation of TPU was assumed to be the same as that of Vcmax, which was 
represented by an algorithm derived from empirical data (Kattge & Knorr 2007). Owing to 
the limitations of that empirical dataset, the algorithm does not allow for temperature 
acclimation below 11 °C or above 29 °C. Lombardozzi et al., (2018) highlighted the need for 
improved physiological understanding of the conditions under which TPU limitation might 
be important, and the need for empirically-informed implementation of TPU in terrestrial 
biosphere models. However, to date, there is no comprehensive study available in the 
literature that can enable an assessment of TPU in response to the environment. Therefore, 
the validity of the above assumptions, and similar ones in other terrestrial biosphere models 
(Rogers et al., 2017; Smith & Dukes, 2013) remains uncertain. Given the sensitivity of 
terrestrial plant photosynthesis to TPU in current terrestrial biosphere models, as highlighted 
by Lombardozzi et al., (2018), it is important to synthesise the extent of TPU limitation and 
its temperature response using data obtained across different ecosystems at the global scale.  
To address this knowledge gap, we used a global dataset of plant photosynthetic CO2 
response curves spanning ecosystems from tropical rainforests to Arctic tundra. We inferred 
key photosynthetic biochemical parameters by fitting a standard C3 photosynthesis model to 
the raw gas exchange data. Our primary objective was to improve the current understanding 
of TPU limitation on leaf net photosynthesis by describing and summarising the extent of 
TPU limitation across important plant functional types grown and measured in their natural 
environments around the globe. In particular, we examined the following three questions: (1) 
 Is TPU limitation to leaf photosynthesis widespread at current ambient atmospheric CO2 
concentrations? (2) Is the photosynthetic rate of plants growing in cold environments more 
often limited by TPU than in plants growing in warmer environments? (3) Do TPU and Vcmax 
have similar instantaneous temperature responses?  
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3.3 Materials and methods 
3.3.1 Data sources 
We used ACi-TGlob_V1.0 (Kumarathunge et al., 2018b), a global dataset of plant 
photosynthetic CO2 response curves (referred to as A/Ci curves hereafter) for this analysis. 
The dataset contains a total of 5113 A/Ci curves measured in situ at multiple leaf 
temperatures of upper canopy sun-lit leaves from 141 plant species from 42 different studies 
conducted around the world. The dataset covers diverse ecosystems including tropical 
rainforests, temperate and boreal forests, semi-arid woodlands and Arctic tundra. A detailed 
description of data collection, data compilation and quality control is given in chapter 2. 
 
3.3.2 Theory 
We used the Farquhar et al. (1980) C3 photosynthesis model to infer the biochemical 
limitations on net leaf photosynthesis (Anet). The model incorporates three principal processes 
occurring in plant leaves at the same time: photosynthesis, photorespiration and 
mitochondrial respiration in the light (Farquhar et al. 1980). The original FvCB model 
represents Anet as the minimum of two process rates: the Rubisco carboxylation limited 
photosynthetic rate (Wc), the RuBP-regeneration limited photosynthetic rate (Wj), and later 
revised to include the triose phosphate utilization limited rate, Wp (Sharkey 1985; Harley & 
Sharkey 1991). The widely used formulation of the model is as follows:  
𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛 = min�𝑊𝑊𝑐𝑐,𝑊𝑊𝑗𝑗 ,𝑊𝑊𝑝𝑝� (1 −
Γ∗
𝐶𝐶𝑖𝑖

















        Eqn 4 
where Vcmax is the maximum rate of carboxylation by the enzyme ribulose-1,5-bisphosphate 
carboxylase-oxygenase (Rubisco), Ci and Oi (µmol mol-1) are intercellular CO2 and O2 
concentrations respectively, Kc and Ko (µmol mol-1) are Michaelis–Menten coefficients of 
Rubisco activity for CO2 and O2 respectively, Γ∗ (µmol mol-1) is the CO2 compensation point 
in the absence of photorespiration, RL (µmol m-2 s-1) is the non-photorespiratory CO2 
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evolution in the light, J (µmol m-2 s-1) is the rate of electron transport which is related to 
incident photosynthetically active photon flux density (Q, µmol m-2 s-1) by Eqn 5 , TPU 
(µmol m-2  s-1) is the triose phosphate utilization rate, and α is a parameter to characterise the 
fraction of the photorespiratory product, glycolate, returned to the chloroplast.  We assumed 
α =0 (a closed photorespiratory cycle) when fitting A/Ci curves. 
𝜃𝜃𝐽𝐽2 − (𝜙𝜙𝜙𝜙 + 𝐽𝐽𝑐𝑐𝑐𝑐𝑐𝑐)𝐽𝐽 + 𝜙𝜙𝜙𝜙𝐽𝐽max = 0      Eqn 5 
where Jmax (µmol m-2 s-1) is the potential rate of electron transport, 𝜙𝜙 (µmol mol-1) is the 
quantum yield of electron transport, and 𝜃𝜃 (dimensionless) is the curvature of the light 
response curve. 
 We fitted Eqns 1 – 5 to each measured A/Ci curve using the fitacis function within the 
plantecophys package (Duursma, 2015) in R version 3.5.1 (R Development Core Team, 
2018). The model fitting algorithm is based on the logic introduced by (Gu et al., 2010). 
Fitting is done by looping over the potential limitation states. The different limitation states 
are obtained by assigning each point in an A/Ci curve to one of three limitations, without a 
prior assumption in the order of each limitation states occur. Parameter values are obtained 
for each limitation state by regression. Parameter values are retained for the limitation state 
yielding the best overall fit with minimum sum of squares error (Duursma, 2015). This fitting 
approach is appropriate because it makes no a priori assumptions about the limitation states 
at different parts of the curve. Some curves may show no TPU-limitation.  We used the 
Bernacchi et al., (2001) kinetic constants for the temperature response of Kc, Ko and 𝛤𝛤∗ as 
given in Medlyn et al., (2002). We used measured photosynthetically active irradiance values 
(PAR) for fitting A/Ci curves whenever available, otherwise assuming a fixed value of 1800 
µmol m-2 s-1. We assumed default fitacis parameter values for quantum yield of electron 
transport; 𝛷𝛷 (0.24 mol mol-1) and the curvature of the light response curve, θ (0.85; unitless) 
for all datasets (Eqn 5). In our A/Ci curve fitting method, we did not account for the 
variations in mesophyll conductance (gm) as gm is not separately identifiable from Vcmax when 
fitting an A/Ci curve. Therefore, the estimated parameters, Vcmax and Jmax, are considered 
apparent values (Bahar et al., 2018). This approach is appropriate for this analysis because 
almost all current terrestrial biosphere models ignore gm and use apparent Vcmax and Jmax 
values. We did not account for CO2 and H2O diffusion through cuvette gaskets as there was 
insufficient information to implement those corrections accurately across the large set of 
curves. We visually inspected every fitted A/Ci curve in the dataset for possible outliers and 
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erroneous data points (i.e. negative intercellular CO2 concentrations). We excluded 
parameters of a given A/Ci curve from further analysis if the r2 of the fitted function was less 
than 0.90 (De Kauwe et al., 2016). This criterion removed approximately 6% of the total A/Ci 
curves of the dataset. After screening, the dataset contained a total of 4260 A/Ci curves 
measured at leaf temperatures ranging from 3 to 50°C. A detailed description of the A/Ci 
curve fitting and parameter quality control can be found in chapter 2. 
  We utilised the intercellular CO2 concentration at the rate transition points to infer the 
biochemical process that limits the net photosynthetic rate at current ambient CO2 levels (400 
µmol mol-1). The Ci at process transition between Wc and Wj (Ci-1) and Wj and Wp (Ci-2) were 
located by identifying the point at which the two functions (i.e. either Wc and Wj or Wj and 
Wp) intersect (see Figure 3.1). We calculated the Ci corresponding to the current ambient CO2 
concentration assuming a constant Ci:Ca of 0.7 (median Ci:Ca across the dataset; Figure 
3.S.1). Under these assumptions, we inferred that the photosynthetic rate at the current 
ambient CO2 concentration is Wc limited if Ci-1 ≤ 280 and Ci-2, Wj limited if Ci-1 < 280 ≤ Ci-2, 
and Wp limited if Ci-2 is ≥ 280 and Ci-1. A conceptual depiction of these conditions is shown 
in Figure 3.1.  
 
 
Figure 3.1. Conceptual figure demonstrating the typical CO2 response of leaf net 
photosynthesis (A/Ci curve). Filled circles depict the measured leaf net photosynthetic rated 
at different intercellular CO2 concentration levels (Ci).  Solid lines depict the Rubisco 
carboxylation limited photosynthetic rate (Wc limitation, purple line), RuBP-regeneration 
limited photosynthetic rate (Wj limitation, orange line), triose phosphate utilization limited 
rate (Wp limitation, gray line) and the limiting rate of net photosynthesis (black). The two 
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filled circles depict the Ci at transition points from Rubisco carboxylation limited 
photosynthetic rate to RuBP-regeneration limited photosynthetic rate (Ci-1, purple circle) and 
from RuBP-regeneration limited photosynthetic rate to TPU limited photosynthetic rate (Ci-2, 
orange circle). The dashed and dotted lines depict the CO2 supply functions corresponding to 
current ambient CO2 concentration (400 µmol mol-1, dashed line) and an elevated CO2 
concentration (600 µmol mol-1, dotted line). The background shaded area depicts the Ci 
range where net photosynthesis is limited by Wc (purple), Wj (orange) and Wp (grey). The 
data shown in this figure were obtained at a leaf measurement temperature of 18 °C on 
Eucalyptus parramattensis trees grown in whole tree chambers in Richmond NSW Australia. 
The fitted parameter values were Vcmax= 155, Jmax=250, TPU =11 and RL=3.1 µmol m-2 s-1.  
 
3.3.3 Data analysis 
The dataset utilised in this study contains data measured across a range of 
experiments including mature plants growing in their native environments, common garden 
studies and datasets with repeated seasonal photosynthetic measurements. Our objective was 
to summarize the extent of TPU limitation on leaf photosynthesis across the globe. First, we 
utilised all available data to quantify how frequently TPU is limiting at the current ambient 
CO2 concentration. Secondly, we utilised a subset of the dataset which contains 
measurements from mature plants growing and measured in their native environments to 
identify patterns in TPU limitation across different ecosystems and to examine temperature 
effects. The temperature response of TPU was fitted using the peaked Arrhenius function 
(Johnson et al., 1942): 











    Eqn 6   
where TPU(Tk) is the process rate at a given temperature, Tk (K), TPU25 is the triose phosphate 
utilization rate at 25 ºC, R is the universal gas constant (8.314 J mol-1 K-1), Ea (kJ mol-1) is the 
activation energy term that describes the exponential increase in the temperature response 
function with the increase in temperature, Hd (kJ mol-1) is the deactivation energy and ΔS (J 
mol-1 K-1) is the entropy term. To avoid over-parameterization, we assumed a fixed value of 
200 kJ mol-1 for Hd in Eqn 7 for all datasets (Dreyer et al., 2002). Parameters of Eqn 7 were 
estimated in a non-linear mixed model framework (Zuur et al., 2009) using the nlme function 
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within the nlme package in R version 3.5.1 (R Development Core Team, 2018). We extracted 
the long-term (1960-1990) mean air temperature at the measurement sites using a high 
resolution global gridded climatology database (Hijmans, Cameron, Parra, Jones, & Jarvis, 
2005). We calculated mean growing season temperature for each site as the mean temperature 
of the months with mean temperatures above 0 °C (Thome). We fitted general additive models 
(Rigby and Stasinopoulos, 2005) to visualize the patterns in the basal rate of TPU (TPU25) of 
mature plants with mean growing season temperature of the native growth environment. The 





In our dataset, c. 32% of the A/Ci curves showed some TPU limitation at the upper 
end of the measurement intercellular CO2 concentration range (Table 3.1). Arctic plants and 
boreal evergreen gymnosperms showed a significantly lower proportion of curves with TPU 
limitation compared to other plant functional types (Table 3.1), while the plant functional 
type with the highest proportion of A/Ci curves exhibiting TPU limitation was the temperate 
evergreen angiosperms. We found no detectable correlation between leaf temperature and the 
Ci at process transition between Wc and Wj, either for the whole dataset or for different PFTs 
analysed separately (Figure 3.2a).  Similar results were observed for the Ci at the process 
transition between Wj and Wp (Figure 3.2b).  
 
 
Figure 3.2. No detectable correlation between leaf temperature and the Ci at process 
transitions. Figure shows the intercellular CO2 concentration at rate transition points as a 
function of leaf temperature. Panel (a) depicts the Ci at the rate transition point from 
Rubisco-limited photosynthesis to RuBP-regeneration-limited photosynthesis (Ci-1). Panel (b) 
depicts the Ci at rate transition point from RuBP-regeneration-limited photosynthesis to TP 
limited photosynthesis (Ci-2). Filled symbols show the mean of data binned in 1°C increments 
and the original data are shown in the background with unfilled symbols. The horizontal 
broken line depicts the Ci value corresponding to current ambient atmospheric CO2 
concentration (~400 µmol mol-1) at a Ci:Ca ratio of 0.7. The legend in panel (a) depicts six 
different plant functional types, Arctic tundra, Temperate deciduous angiosperms (Te-DA), 
Temperate evergreen angiosperms (Te-EA), Tropical evergreen angiosperms (Tr-EA), Boreal 
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evergreen gymnosperms (Br-EG), Temperate evergreen gymnosperms (Te-EG). Note the data 
shown here are from the A/Ci curves which showed TPU limitation within the measurement 
Ci range (n=1114) 
The lack of any significant correlation between Ci at process transitions and leaf 
temperature allowed us to utilise all available data for further inferences. When all data were 
pooled together, the median intercellular CO2 concentration at the process transition between 
Wc and Wj (Ci-1) was 423 µmol mol-1 (Figure 3.3a). The median Ci at the process transition 
between Wj and Wp (Ci-2) was 810 µmol mol-1 (Figure 3.3a). Among the different plant 
functional types, Arctic plants showed a significantly higher median Ci-2 value compared to 
the others (Figure 3.3b; post hoc Tukey tests, P < 0.001). Our data suggested that, at a current 
ambient atmospheric CO2 concentration of 400 µmol mol-1 (i.e. Ci=280 µmol mol-1; Figure 
3.S1b), c. 80% of the measured light saturated net photosynthesis values were Rubisco 
carboxylation (Wc) limited.  We did not observe any Ci-2 values falling below 280 µmol mol-
1. Hence, our study suggests TPU limitation of light saturated net photosynthesis under 
current ambient CO2 concentration is extremely rare. In our dataset, the median of the 
maximum atmospheric CO2 concentration set point of A/Ci curve measurements was > 1400 
µmol mol-1 for all plant functional types (Table 1, Figure 3.S.1). In all plant functional types, 
the median of the maximum measurement Ci was higher than the median Ci that TPU 
limitation occurs (i.e. 810 µmol mol-1). Hence, we emphasize that the measurement Ci range 




Figure 3.3. The distribution of intercellular CO2 concentration at the rate transition point. In 
panel (a) the shaded area depicts the distribution of Ci at the transition point from Rubisco 
carboxylation limitation to RuBP-regeneration limitation (grey) and from RuBP-regeneration 
limitation to TPU limitation (pink). The thick vertical lines in respective colours in panel (a) 
show the median Ci for the two transition steps and the dashed line depicts the Ci value 
corresponding to the current ambient atmospheric CO2 level (~400 µmol mol-1) at a Ci:Ca of 
0.7. Panel (b) shows the Ci value at the transition point from RuBP regeneration limitation to 
TPU limitation for six different plant functional types, Arctic tundra, Temperate deciduous 
angiosperms (Te-DA), Temperate evergreen angiosperms (Te-EA), Tropical evergreen 
angiosperms (Tr-EA), Boreal evergreen gymnosperms (Br-EG), Temperate evergreen 
gymnosperms (Te-EG). In the boxplots, the thick black line and box depict the median and 
interquartile range respectively, with bars extending to 1.5 times the interquartile range. 



















concentration (µmol mol-1)† 
Maximum atmospheric CO2 
concentration set point of individual 
A/Ci curves (µmol mol-1)† 
Number of A/Ci curves 
showing  TPU  
limitation‡ 
Arctic tundra 1 7 242 1531 (1340 – 1746) 1786 (1772 – 1915) 30 (12%) 
Boreal evergreen 
gymnosperms  
5 4 429 1348 (929 – 1685)  1800 (1601 – 1973)  71 (17%) 
Temperate evergreen 
gymnosperms  
7 10 672 1496 (1220 – 1839) 1778 (1102 – 1909)  134 (20%) 
Temperate deciduous 
angiosperms 
11 17 1011 1030 (897 – 1832)  1481 (1465 – 1529)  335 (33%) 
Temperate evergreen 
angiosperms 
13 27 1253 1362 (1039 – 1744)  1767 (1747 – 1981)  591(47%) 
Tropical evergreen 
angiosperms 
6 47 653 1227 (896 – 1811) 1747 (1193 – 1979)  209 (32%) 
Whole dataset 43 112 4260 1283 (957 – 1820) 1783 (1524 – 1993)  1370 (32%) 
†Values given are the median (2.5th and 97.5th percentiles of the distribution) 
‡Within the measurement Ci range of a given A/Ci curve.  
62 
 
We investigated whether light saturated photosynthetic rates of plants growing in cold 
environments are more often limited by TPU compared to those of plants growing in warmer 
environments. We observed a weak, but significant negative correlation between the long-
term mean growing season air temperature (Thome) and the Ci at the transition between Wc and 
Wj (Ci-1; Figure 3.4a; r2=0.1). However, we did not detect a significant correlation between 
Thome and the Ci at the transition between Wj and Wp (Ci-2; Figure 3.4b). The lack of a 
significant correlation between the Ci-2 and growth temperature strongly suggests that there is 
no association between the extent of the TPU limitation to light saturated net photosynthesis 
and home climate. 
 
 
Figure 3.4. No association between the extent of the TPU limitation to light saturated net 
photosynthesis, and home climate. Figure shows intercellular CO2 concentration at rate 
transition point at a standard temperature of 25°C, as a function of climate of the growing 
environment for various plant functional types. Panel (a) depicts the Ci at the transition from 
Rubisco carboxylation limitation to RuBP-regeneration limitation and panel (b) depicts the 
Ci at transition from RuBP-regeneration limitation to TPU limitation. The dashed line in 
each panel depicts the Ci value corresponding to the current ambient atmospheric CO2 level 
(~400 µmol mol-1) at a Ci:Ca of 0.7. The thick line in panel (a) depicts the least-squares 
linear regression fit ( xy 4.9500 −= ; r2=0.1) and the shaded area shows the 95% CI of 
predictions. The data presented here are measurements on mature plants grown and 
measured in their native environments for different plant functional types, Arctic tundra, 
Temperate deciduous angiosperms (Te-DA), Temperate evergreen angiosperms (Te-EA), 
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Tropical evergreen angiosperms (Tr-EA), Boreal evergreen gymnosperms (Br-EG), 
Temperate evergreen gymnosperms (Te-EG). Thome is the mean (1960-1996) growing season 
air temperature (i.e. mean temperature of months with mean temperature > 0 °C).  
The instantaneous temperature response of the triose phosphate utilization rate of 
mature plants growing in their native environments showed distinctly different patterns 
among the different plant functional types. Arctic tundra species showed an exponential 
increase in TPU with increasing leaf temperature, with no optimum temperature within the 
measured leaf temperature range (Figure 3.5a). All other plant functional types showed a 
peaked response, where the rate increased up to an optimum temperature and then declined 
with increasing leaf temperature (Figure 3.5b-f). The highest optimum temperature for TPU 
was observed for Tropical evergreen angiosperms (34.7 °C) and the lowest was observed for 
the Boreal evergreen gymnosperms (28.0 °C). The optimum temperatures for Temperate 
evergreen gymnosperms and Temperate evergreen angiosperms were 32.5 and 32.2 °C, 
respectively (Table 3.2). The temperature response curves of TPU showed a significant 
departure from the temperature response curves of Vcmax (Figure 3.S.2). The rate of increase 
of TPU with temperature was shallower than that of Vcmax (see Figure 3.S.2), so the estimated 
activation energy of TPU was lower than that of Vcmax (Table 3.2). More importantly, in 
Arctic tundra, both TPU and Vcmax increased exponentially with leaf temperature and did not 
show a temperature optimum within the measurement leaf temperature range (Figure 3.S.2a).  
For other plant functional types, the optimum temperature for TPU was approximately 6-8°C 





Figure 3.5. Instantaneous temperature response of the triose phosphate utilisation rate 
(TPU) of mature plants growing in their native environments for different plant functional 
types, (a) Arctic tundra, (b) Boreal evergreen gymnosperms (Br-EG), (c) Temperate 
evergreen gymnosperms (Te-EG), (d) Temperate deciduous angiosperms (Te-DA), (e) 
Temperate evergreen angiosperms (Te-EA), (f) Tropical evergreen angiosperms (Tr-EA). 
Filled circles depict the TPU values either from fitting Eqn 5 to A/Ci curves (if TPU 
limitation occurred within the measurement Ci range of a given A/Ci curve) or estimated 
using the Eqn 6. Lines in each panel show the fitted standard Arrhenius model (in panel a) or 
the peaked Arrhenius model (in panels b-f). Fitted temperature response parameters are 
given in Table 2. Note the disparity in x-axis scales.
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Table 3.2. Temperature response parameters of TPU and Vcmax for mature plants growing in their native environments. 
Plant Functional Type Basal rate at 25°C (µmol m-2s-1) Ea (kJ mol-1) ∆S (J mol-1K-1) Topt (°C) 
TPU Vcmax TPU Vcmax TPU Vcmax TPU Vcmax 
Arctic tundra 20.3 (1.6) 78.3 (12.7) 46.2 (5.3) 55.9 (4.8)  Not estimated 657.5 (5.7)  Not estimated 26.7 
Boreal evergreen 
gymnosperms 
7.9 (1.4) 80.4 (8.0) 30.9 (10.4) 50.3 (4.7) 650 (3.8) 637.6 (3.2) 28.0 36.1 
Temperate evergreen 
gymnosperms  
6.0 (0.9) 42.8 (13.9) 36.5 (5.6) 60.1 (7.7) 642 (4.1) 635.2 (5.6) 32.5 38.3 
Temperate deciduous 
angiosperms 
9.0 (2.1) 39.0 (1.4) 28.8 (10.6) 69.0 (3.8) 644 (3.1) 636.6 (1.7) 30.4 38.4 
Temperate evergreen 
angiosperms 
8.7 (1.0) 82.9 (11.0) 23.7 (6.1) 86.4 (4.6) 638 (3.1) 632.4 (1.7) 32.2 39.5 
Tropical evergreen 
angiosperms 
4.7 (0.7) 39.4 (8.9) 53.9 (13.8) 47.4 (10.0) 641 (3.5) 623.1 (9.1) 34.7 44.3 
TPU is the triose phosphate utilisation rate, Vcmax is the maximum rate of RuBP carboxylation, Ea is the activation energy, ∆S is the entropy and Topt is the optimum 
temperature. Except for Arctic tundra, a peaked Arrhenius model was used to parameterise the instantaneous temperature response. For Arctic tundra,  TPU 
exponentially increased within the measurement leaf temperature range, hence the standard Arrhenius model was fitted to the data. 
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The data showed a significant negative relationship between the basal rate of triose 
phosphate utilisation at a standard temperature of 25 °C (TPU25) and the long-term mean 
growing season temperature of the plants’ native growth environment (Figure 3.6a). The 
highest TPU25 was observed for Arctic tundra (30.3±1.6 µmol m-2 s-1) and the lowest for 
Tropical evergreen angiosperms (4.7± 0.7 µmol m-2 s-1). The ratio between TPU25 and the 
maximum rate of RuBP carboxylation at a standard temperature of 25°C (TPU25:Vcmax25) also 
showed a decreasing trend with increasing long-term mean growing season temperature 
(Thome). Similar to TPU25, the TPU25:Vcmax25 ratio was highest for the Arctic plants (Figure 
3.6b, Table 2). We developed a simple function to implement this pattern in terrestrial 
biosphere models (Eqn 7, r2=0.70). Taken together, these results suggested that the net 
photosynthetic rate of plants in cold environments is not more frequently TPU limited than 
plants in warmer environments, as the TPU is higher for plants in cold environments.  
𝑇𝑇𝑇𝑇𝑇𝑇25
𝑎𝑎cmax25




Figure 3.6. Net photosynthetic rate of plants in cold environments is not more frequently TPU 
limited than plants in warmer environments. Figure shows rate of triose phosphate utilisation 
at a standard temperature of 25 °C (TPU25; panel a) and the TPU25:Vcmax25 ratio of mature 
plants growing in their native environments. Lines each panel show fitted generalised 
additive models. Shaded area shows the 95% CI of predictions. Legend in panel (a) depict 
plant functional types; Arctic tundra, Temperate deciduous angiosperms (Te-DA), Temperate 
evergreen angiosperms (Te-EA), Tropical evergreen angiosperms (Tr-EA), Boreal evergreen 
gymnosperms (Br-EG), Temperate evergreen gymnosperms (Te-EG). Thome is the mean 
(1960-1996) growing season air temperature (i.e. mean temperature of the months with mean 





Our comprehensive analysis of a global dataset of plant photosynthetic CO2 response 
measurements across many ecosystems, spanning a measurement temperature range of 3 to 
50 °C, demonstrates that photosynthesis is not TPU limited at current ambient atmospheric 
CO2 concentrations.  We found no relationship between the TPU limitation and leaf 
temperature and there was no evidence to support the widely held view that plants growing in 
cold environments are more frequently TPU limited compared to plants growing in warmer 
climates. Furthermore, our analysis did not support the common assumption that TPU has the 
same temperature response function as Vcmax. 
 In this study, we demonstrated that light-saturated photosynthesis at current ambient 
atmospheric CO2 concentrations (~400 µmol mol-1) is most often Rubisco-limited (80% of 
the A/Ci curves in our dataset), which agrees with previous work demonstrating that the light-
saturated photosynthetic rate at current ambient CO2 concentration is principally limited by 
RuBP carboxylation (De Kauwe et al., 2016; Rogers & Humphries, 2000; Yamaguchi et al., 
2016). None of the A/Ci curves included in our analysis showed a transition to the TPU -
limited photosynthetic rate at Ci values less than or equal to 280 µmol mol-1. We can, 
therefore, be confident that TPU rarely limits leaf photosynthesis in natural ecosystems at 
current ambient atmospheric CO2 concentrations. In other work also, TPU is rarely reported 
as a limiting factor for leaf photosynthesis when it is measured under the ambient CO2 and 
growth temperatures (Sharkey 1985, Yang et al., 2016). Previous studies suggested that 
plants regulate TPU at a rate just slightly higher than what is likely to be required (Yang et 
al., 2016), but our study indicates that TPU limitation is unlikely to be important until CO2 
concentrations reach ~800 µmol mol-1. Further, it has been reported that the TPU limitation 
usually occurs in conditions that are typical for RuBP regeneration limited photosynthesis 
(Bernacchi et al., 2013).  At biologically relevant leaf temperatures (~1-50 °C), RuBP 
regeneration limitation typically occurs at higher CO2 partial pressures and mostly at low 
light levels (von Caemmerer, 2000). Therefore, we conclude that it is rare for photosynthesis 
is to be TPU limited under current ambient atmospheric CO2 concentrations.  Furthermore, 
Free Air CO2 Enrichment (FACE) experiments where plants are grown at elevated CO2 
concentration in field conditions have demonstrated that Vcmax is typically reduced at elevated 
CO2 concentration, maintaining Rubisco limitation of light saturated assimilation at elevated 
CO2 (Ainsworth & Rogers, 2007). Therefore, it is highly unlikely for photosynthesis to be 
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TPU limited under future predicted atmospheric CO2 concentrations until very high levels are 
reached.  
At low temperatures, the solubility of CO2, and the specificity of Rubisco for CO2 
relative to O2, increase, meaning that photorespiration decreases (Jordan & Ogren, 1984).  
Therefore, the capacity for regeneration of inorganic phosphate (Pi) through photorespiratory 
metabolism in the chloroplast is decreased because glycolate export from chloroplasts to the 
peroxisome is reduced (Ellsworth et al., 2015; Harley & Sharkey, 1991; Sharkey, 1985). 
Alternatively or additionally, as enzymatic reaction rates associated with the sucrose 
synthesis are limited at low temperatures (Lambers et al., 2008), accumulation of triose 
phosphate and PGA in the chloroplast can reduce the regeneration of Pi (Ellsworth et al., 
2015; Sharkey, 1985). Hence, it can be hypothesised that net photosynthetic rate could 
potentially be TPU limited in plants grown at low growth temperatures (Labate & Leegood 
1988; Lombardozzi et al., 2018; Sharkey, 2016).  However, the data presented here clearly 
refute this hypothesis. We found a significant negative relationship between the basal rate of 
triose phosphate utilisation at a standard temperature of 25 °C and the long-term mean 
growing season temperature of the plants’ native growth environment. Overall, therefore, our 
data indicate that photosynthesis of plants in cold environments is not more frequently TPU 
limited than plants in warmer environments, as the TPU is higher for plants in cold 
environments.  
There is evidence that plants have the capacity to compensate for the low 
temperature-induced decrease in enzyme catalysis reactions associated with the Calvin cycle, 
electron transport and sucrose synthesis through several mechanisms including increased 
concentration of photosynthetic enzymes (Yamori et al., 2005, Yamori et al., 2011), 
increased expression of cold stable isozymes (Yamori et al., 2006), and maintenance of 
membrane fluidity (Falcone, Ogas, & Somerville, 2004). Several studies provide evidence for 
increased concentrations of enzymes associated with sucrose synthesis, including sucrose 
phosphate synthase and cytosolic fructose-1,6-bisphosphatase (Strand et al., 1997, Strand et 
al., 1999). These mechanisms may allow cold temperature acclimation of metabolism to 
alleviate the TPU limitation to leaf photosynthesis. Additionally, cold acclimation typically 
increases the ratio of Jmax:Vcmax (Kattge & Knorr 2007; Kumarathunge et al., 2018a; Rogers 
et al., 2017b), such that the photosynthetic rate is more likely to be limited by RuBP 
carboxylation in cold environments. Our data showed that the Ci at the rate transition points 
from Rubisco carboxylation limitation to RuBP-regeneration limitation was higher than the 
Ci values corresponding to current ambient CO2 concentrations for Arctic species. Hence, it is 
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likely that the photosynthetic rate of Arctic species is most frequently RuBP carboxylation 
limited. Furthermore, Arctic plants have been shown to have a large root to shoot ratio 
(Iversen et al., 2015), suggesting that sink strength may be sufficient to enable high rates of 
sucrose export from the leaf and avoid TPU limitation.  
We observed lower activation energies for the instantaneous temperature response of 
TPU compared to Vcmax for most plant functional types, contradicting the common 
assumption of similar temperature responses for both processes. Our results contrast with the 
previous finding by Yang et al. (2016), who reported higher temperature sensitivity of TPU 
compared to Vcmax. The activation energies reported in this study were relatively low 
compared to the values reported by Yang et al. (2016). The temperature response parameters 
in Yang et al. (2016) were derived using TPU data from different studies where the method 
of calculating TPU was not consistent among studies. Hence, our parameter estimates are not 
directly comparable with those of Yang et al. (2016). Moreover, our results indicate distinct 
patterning in the basal rate of TPU measured at a standard temperature (TPU25) across a 
climate gradient of long-term mean growing season temperatures. Both TPU25 and 
TPU25:Vcmax25 were higher for plants growing in cold environments compared to plants in 
warm environments. Taken together, these results suggest that the use of the temperature 
response function of Vcmax to model the temperature response of TPU, as implemented in 
several terrestrial biosphere models, is not correct. Further, our finding of a temperature 
dependence challenges the use of fixed TPU:Vcmax ratio in terrestrial biosphere models (Clark 
et al., 2011; Collatz et al., 1991; Lombardozzi et al., 2018).  
 Our data demonstrate that the modelled effects of TPU limitation on global terrestrial 
gross primary productivity and the global carbon cycle may not be as large as reported by 
Lombardozzi et al., (2018), either at current or future projected atmospheric CO2 
concentrations. Lombardozzi et al. (2018) assumed a fixed TPU:Vcmax ratio, but we 
demonstrated that the TPU:Vcmax ratio decreases with increasing temperature. Further, 
photosynthetic acclimation to rising CO2 concentration is not currently implemented in the 
model used in their study (i.e. CLM4.5). Hence, it is likely that CLM predicts a higher 
sensitivity to TPU at future CO2 concentrations that is not supported by observations 
(Ainsworth & Rogers 2007; Leakey et al 2009). We recommend that the terrestrial biosphere 
models should dynamically change TPU:Vcmax with plants’ growth temperature and should 
use separate temperature response functions to characterize the temperature dependency of 
TPU. Further, it is necessary to implement photosynthetic acclimation to rising CO2 
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concentration in terrestrial biosphere models for improved predictions of future terrestrial 
carbon cycle.  
Our global scale synthesis of leaf photosynthesis using measurements obtained from a 
large number of studies, species, plant functional types and a wide temperature range reveals 
that the extent of TPU limitation at the global scale is uncommon and unrelated to 
temperature of the growing environment. Taken together, our new formulations of the 
temperature response of TPU should prove useful in quantifying the biochemical limits of 
terrestrial plant photosynthesis and improving the representation of plant photosynthesis in 





3.6 Supporting information for chapter 3 
 
 
Figure 3. S. 1. Distribution of (a) measured maximum intercellular CO2 concentration (Ci) of 
individual ACi curves (n=4260), (b) Ci at the current ambient CO2 concentration of 400 µmol 
mol-1 (n=7269) and (c) maximum atmospheric CO2 concentration (Ca) set point of individual 
ACi curves (n=4183). In panel (a), continuous vertical line depicts the median Ci at the 
transition between RuBP-regeneration limitation and TPU limitation (ΜTPU) and the dashed 
line depicts the median maximum Ci of the distribution (Μ). In panels (b) and (c), the dashed 
line depicts the median (Μ ) of the distribution. Note in some A/Ci curves, there were multiple 
measurements at ambient CO2 levels. Hence the number of data points at ambient CO2 level 





Figure 3. S. 2. Instantaneous temperature response of the rate of triose phosphate utilisation 
rate (TPU; black) and the maximum rate of ribulose-1,5-bisphosphate carboxylase-
oxygenase (Rubisco) activity (Vcmax; red) of mature plants growing in their native 
environments for different plant functional types, Arctic tundra, Boreal evergreen 
gymnosperms (Br-EG), Temperate evergreen gymnosperms (Te-EG), Temperate deciduous 
angiosperms (Te-DA), Temperate evergreen angiosperms (Te-EA), Tropical evergreen 




Chapter - 4 Why is the temperature optimum for canopy photosynthesis lower than 
that for leaf photosynthesis?  
 
4.1 Abstract 
Understanding how canopy scale C uptake responds to temperature is of paramount 
importance for realistic prediction of the likely impact of global warming on forest growth.  
Several lines of evidence suggest that the temperature optimum for whole-canopy 
photosynthesis is lower than that of leaf photosynthesis. It is crucial to know whether current 
terrestrial biosphere models are correctly capturing this lower optimum temperature for 
canopy scale photosynthesis. In this study, I tested mechanisms that explain the difference 
between leaf and canopy scale temperature optima for photosynthesis. We hypothesised that 
1) there is a large contribution of non-light saturated leaves to total canopy photosynthesis, 2) 
photosynthetic component processes vary vertically through the canopy following the 
gradient in incident light and 3) seasonal temperature acclimation of photosynthetic 
biochemistry has a significant role in determining the temperature response of canopy 
photosynthesis. We tested these hypotheses using three models of canopy radiation 
interception and photosynthesis parameterized with leaf-level physiological data and 
estimates of canopy leaf area. We used the model to predict whole-tree photosynthesis under 
several different assumptions and evaluated the results against high-resolution whole-tree 
photosynthetic flux measured over several seasons.  Our results identified the influence of 
non-light saturated leaves as a key determinant of the lower temperature optimum of canopy 
photosynthesis. Further, we demonstrate the importance of accounting for within-canopy 
variation and seasonal temperature acclimation of photosynthetic biochemistry in 
determining the magnitude of canopy photosynthesis. Overall, our study identifies key 
processes that need to be incorporated in terrestrial biosphere models to accurately predict 





Terrestrial Biosphere Models provide the foundation for predicting the fate of global 
forests in response to global warming (Cramer et al., 2001, Medlyn et al., 2011b, Rogers et 
al., 2017a, Zaehle et al., 2005). Plant photosynthesis is one of the key components in TBMs, 
(Lombardozzi et al., 2015, Smith &  Dukes, 2017), meaning that robust representation of 
photosynthesis and its temperature response within terrestrial biosphere models is of 
paramount importance for realistic prediction of the likely impact of global warming on 
forest growth, carbon sequestration and land-atmosphere feedbacks (D’Orangeville et al., 
2018, Kala et al., 2016, Medlyn et al., 2015). Terrestrial biosphere models mechanistically 
represent plant photosynthesis and its response to temperature using parameter values derived 
from data measured on individual leaves (Clark et al., 2011). The scaling of temperature 
responses from leaves to canopies determines the model projections of gross primary 
productivity of terrestrial ecosystems in response to warming (Huang et al., 2019). In many 
current terrestrial biosphere models, the temperature response of canopy photosynthesis is 
similar to the response at leaf scale, with similar temperature optima (Rogers et al., (2017a), 
Figure 4.1). However, it is not clear that this scaling from leaf to canopy in current terrestrial 
biosphere models is correct as several lines of experimental evidence suggest that there is a 
difference between the temperature optima for leaf and canopy scale photosynthesis (Drake et 
al., 2016, Huang et al., 2019).  
 
Figure 4.1. In many current terrestrial biosphere models, the temperature response of canopy 
photosynthesis is similar to the response at leaf scale. Figure shows the optimum temperature 
for leaf level and canopy level photosynthesis for eight models following Rogers et al. (2017). 
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Model simulations were done at saturating irradiance level of 1500 µmol m-2 s-1 and vapour 
pressure deficit (VPD) of 1 kPa. The maximum carboxylation rate of Rubisco at 25°C 
(Vcmax25) was 60 µmol m-2 s-1. Leaf area index was fixed at 3. Data for models BETHY, CLM, 
ED2, GDAY, JSBACH, JULES and OCN were obtained from Rogers et al. (2017); the 
CABLE model was run independently following the same protocol. 
The typical relationship between temperature and net photosynthesis at leaf scale 
(Anet) is parabolic, where Anet reaches a maximum at the optimum temperature (ToptA) and is 
lower at temperatures either below or above the ToptA (Battaglia et al., 1996, Crous et al., 
2013, Gunderson et al., 2009). In chapter 2, global scale analysis of leaf photosynthesis data 
showed that the ToptA of terrestrial plants ranged from 16 to 32 °C, and was found to be 
strongly correlated with the temperature of the growth environment. The minimum and 
maximum ToptA values were observed for Arctic vegetation and tropical evergreen trees, 
respectively (see chapter 2). However, data demonstrating the temperature response of 
canopy scale photosynthesis are relatively rare. Several authors have used eddy covariance 
derived gross primary productivity data to quantify the temperature response of canopy 
photosynthesis (Huang et al., 2019, Niu et al., 2012, Zheng-Hong et al., 2017). Using data 
from globally distributed eddy covariance sites, Niu et al. (2012) showed that the temperature 
response of net ecosystem exchange of different ecosystems followed a peak curve, with the 
optimum temperature range of 9 to 22 °C. Net ecosystem exchange of high-elevation 
subalpine forest exhibited a temperature optimum within the range 8 to12 °C (Huxman et al., 
2003). Further, Zheng-Hong et al. (2017) reported that the temperature optimum for 
ecosystem scale photosynthesis for tropical forests ranged from 24 to 28 °C. These optimum 
temperatures for canopy scale photosynthesis are generally lower than the temperature 
optima for leaf scale photosynthesis reported for the same species or plant functional type in 
a global analysis (Kumarathunge et al., 2018, see chapter 2). For example, the temperature 
optimum for ecosystem scale photosynthesis of Arctic tundra reported by Huang et al. (2019) 
was at least 3 °C lower than the leaf level optimum reported in chapter 2. Similarly, 
temperature optima values reported by Zheng-Hong et al. (2017) were 3 to 7 °C lower than 
the leaf level optima reported by (Slot &  Winter, 2017b) for tropical tree species. However, 
the eddy covariance method has several limitations as it is not a direct measurement of 
canopy-scale gross primary productivity (Baldocchi, 2003). Several other temperature-
dependent factors such as soil respiration and water vapour pressure deficit may confound the 
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resolution of temperature response functions of canopy scale photosynthesis derived from 
eddy covariance techniques (Yi et al., 2004). 
Whole tree chambers overcome some limitations of the eddy covariance method by 
directly measuring canopy scale photosynthesis (Barton et al., 2010, Medhurst et al., 2006).  
Whole tree chambers directly measure the net flux of CO2 exchange between the entire 
canopy and the atmosphere isolating the canopy gas exchange from CO2 evolved from the 
soil (Barton et al., 2012). Additionally, whole tree chambers precisely control air temperature 
and relative humidity (RH), and can therefore effectively overcome the confounding effects 
of other temperature dependent factors such as VPD on the temperature response of canopy 
photosynthesis. Using data measured in a whole tree chamber experiment, Drake et al. (2016) 
reported that canopy scale photosynthetic rates of Eucalyptus tereticornis trees measured at 
saturating incident light levels declined with increasing air temperature. There was no 
observable optimum temperature, but the data showed that this ToptA must have been lower 
than 16 °C (Drake et al., 2016). However, Duursma et al. (2014) reported that the optimum 
temperature for canopy level photosynthesis of Eucalyptus saligna trees grown in whole tree 
chambers was c. 22 °C which was lower than the leaf-level optimum temperature for 
photosynthesis (~25 °C) of the same trees.  
There are several potential reasons that could explain why temperature optima for 
canopy photosynthesis are lower than those for leaf photosynthesis. Firstly, it can be 
hypothesised that the lower temperature optimum of canopy photosynthesis is due to the 
contribution of non-light saturated leaves to the total canopy photosynthesis. It is known that 
the temperature optimum for leaf-scale photosynthesis is lower at sub-saturating light levels 
compared to light-saturated photosynthesis (Ehleringer &  Björkman, 1977, McMurtrie &  
Wang, 1993, Slot et al., 2018).  Figure 4.S.1 shows that the temperature response of modelled 
photosynthesis using Farquhar et al., (1980) has alower temperature optimum at low light 
than at saturating light levels. Due to self-shading and shading by neighbouring trees, much 
of the leaf area of a given tree canopy could photosynthesize at sub-saturating light levels 
(Ellsworth &  Reich, 1993), and hence the total canopy photosynthesis can be dominated by 
non-light saturated leaves, resulting in a lower temperature optimum.  
Secondly, several studies provide evidence for significant differences in 
photosynthetic physiological properties along the vertical axis of individual tree canopies 
following a gradient in light, including irradiance response (Kull &  Kruijt, 1999, Kull &  
Niinemets, 1998, Ranasinghe et al., 2015, Slot et al., 2018), photosynthetic biochemical 
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properties (Campany et al., 2016, Carswell et al., 2000) and leaf maintenance respiration 
rates (Meir &  Grace, 2002, Weerasinghe et al., 2014).  Hence, it can be hypothesised that the 
temperature optimum for photosynthesis is lower in shade leaves in a tree canopy compared 
to the upper canopy sun-lit leaves. Therefore, if the contribution from shade leaves in a given 
canopy is significant, the temperature optimum for total canopy photosynthesis could be 
lower than the temperature optimum of upper canopy leaves. While the effect of lower 
maximum photosynthetic rates in the lower canopy has been explored (Kull &  Kruijt, 1998, 
Mercado Lina et al., 2011, Mercado et al., 2009), the impact on the temperature response of 
the canopy as a whole has not been investigated.  
Additionally, it can be hypothesised that the observed decline in canopy 
photosynthesis with increasing temperature over several seasons, as observed, for example, in 
Eucalyptus tereticornis trees Drake et al. (2016), could be due to the effect of temporal 
variations in leaf photosynthesis arising from thermal acclimation (Lin et al., 2012).  Given 
the strong evidence for thermal acclimation of leaf photosynthesis (Crous et al., 2013, Kattge 
&  Knorr, 2007, Lin et al., 2013, Medlyn et al., 2002b, Way &  Sage, 2008b, Way &  
Yamori, 2014, Yamaguchi et al., 2016, Yamori et al., 2014), it is possible that longer-term 
effects of growth temperature on photosynthetic biochemistry could contribute to the overall 
temperature response of canopy photosynthesis constructed by aggregating measurements 
over time (e.g. Drake et al. 2016). Several studies have reported the consequences of 
implementing thermal acclimation of photosynthesis in terrestrial biosphere models for model 
predictions, showing improved ability to reproduce observed net ecosystem CO2 exchange 
(Lombardozzi et al., 2015, Mercado et al., 2018, Smith et al., 2016).  
Given the need for robust quantification of photosynthetic temperature response at the 
canopy scale and its importance in predicting future forest and global carbon budgets, we 
designed this study to test these hypotheses for the difference between leaf and canopy scale 
temperature optima for photosynthesis. We utilised data from a unique research facility 
available at Western Sydney University, namely a set of whole tree chambers that can 
measure whole canopy photosynthesis at high temporal resolution across several seasons. We 
hypothesised that the low temperature optimum for canopy photosynthesis is mainly due to 
the large contribution of non-light saturated leaves to total canopy photosynthesis. 
Additionally, we hypothesised that within-canopy gradients and seasonal temperature 
acclimation of photosynthetic biochemistry have a significant role in determining the 
temperature response of canopy photosynthesis. We tested these hypotheses using models of 
canopy radiation interception and photosynthesis, parameterized with leaf-level physiological 
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data, estimates of canopy leaf area and tree dimensions. We applied the models under several 
different assumptions to predict whole-tree photosynthesis and evaluated the results against 
whole-tree photosynthetic flux measurements. Our primary objective was to examine which 
mechanisms need to be incorporated into a model to accurately capture the temperature 
response of canopy photosynthesis. 
 
4.3 Materials and methods 
4.3.1 The whole tree chamber experiment 
This study was conducted at the Hawkesbury Forest Experiment (HFE; 33.62 S, 
150.74 E), Richmond NSW, Australia. A detailed description of the site climatology and soil 
characteristics can be found in Aspinwall et al. (2016), Drake et al. (2016) and Crous et al. 
(2013). Briefly, the site mean annual rainfall is 800 mm and the mean annual temperature is 
17 °C. The soils are low to moderately fertile sandy loam with relatively low organic matter 
content (~0.7%). The site contains 12 whole tree chambers that each enclose a single tree 
rooted in soil. The whole tree chambers are cylindrical in shape with a conical shaped top (9 
m tall, 3.25 m in diameter and 53 m3 in volume). These chambers precisely control 
atmospheric CO2 concentration, air temperature and relative humidity while measuring the 
net CO2 and water flux between tree canopy and atmosphere (Barton et al., 2010, Drake et 
al., 2016, Duursma et al., 2014). A detailed technical description of the WTCs can be found 
in Barton et al. (2010).  
A single seedling of forest red gum (Eucalyptus tereticornis sp tereticornis) was 
planted in the centre of each chamber on 12 March 2013. The air temperature of six chambers 
was set to track ambient levels and six chambers were set to ambient + 3 °C warming.  Plants 
in both treatments were watered fortnightly to keep them well-watered.  
 
4.3.2 Measurement of canopy net photosynthesis 
Six months after the seedlings were planted, a suspended transparent plastic floor was 
installed at a height of 45 cm from the soil surface inside each chamber in order to isolate the 
canopy CO2 and H2O fluxes from the fluxes evolved from the soil. At this time point, mean 
height was 3 m and diameter was 2.4 cm of the trees grown at ambient growth temperatures, 
while the total canopy leaf area was 3.3 m2 (Drake et al., 2016). Whole tree net CO2 flux was 
measured within each chamber at 15-min intervals using a custom-built automated system 
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(Barton et al., 2010) throughout the period starting from 13th September 2013 (floor installed) 
to 26th May 2014 (final harvest started). Flux data were corrected for chamber leaks and 
missing data (~6% of the total) were gap filled using an artificial neural network method 
driven by tree size and weather variables. A detailed description of the data gap filling is 
available (Drake et al., 2016).  
 
4.3.3 Canopy photosynthesis simulation  
We utilised three different leaf to canopy scaling approaches to test the stated 
hypotheses of this study. Firstly, we tested the big-leaf approach, where the tree crown was 
approximated as a single big leaf (Lloyd et al., 1995, Pury &  Farquhar, 1997). In this 
approach, photosynthesis is calculated as a function of absorbed photosynthetically active 
radiation (APAR) using the standard biochemical photosynthesis model of Farquhar et al. 
(1980) and the Medlyn et al. (2011) stomatal conductance model. APAR was calculated as a 
function of incoming PAR and the fraction of incoming PAR (fPAR) absorbed by the tree 
leaf area. We calculated fPAR following Monsi and Saeki (1953) as 
 
𝑓𝑓𝑇𝑇𝐴𝐴𝑅𝑅 = 1 − exp (−𝑘𝑘 𝐿𝐿𝐴𝐴𝐿𝐿)        Eqn 1  
 
where LAI is the leaf area index and k is the canopy radiation extinction coefficient, here 
assumed to equal 0.5.  
Secondly, we tested the two-leaf approximation derived by Wang and  Leuning 
(1998). In this approach, the tree crown is treated as representative sunlit and shaded big 
leaves, and the amount of PAR absorbed calculated separately for these two canopy fractions.  
 Thirdly, we utilised a multilayer model, MAESTRA, to simulate canopy 
photosynthesis. MAESTRA is an individual tree based model of canopy carbon flux and 
water balance which calculates detailed radiation absorption, photosynthesis and transpiration 
of trees, growing individually or in a stand (Duursma &  Medlyn, 2012, Wang &  Jarvis, 
1990). MAESTRA represents a forest canopy as an array of individual tree crowns. For each 
crown, spatial position (x and y co-ordinates), stem height and several canopy metrics such as 
crown radius, height, leaf angle and one-sided leaf area can be specified (Duursma &  
Medlyn, 2012). Each tree crown (target crown) is divided into several horizontal levels 
(typically six) and several grid points on each level, hence representing the target crown as an 
array of sub-volumes. For each grid point, MAESTRA calculates the sunlit and shaded 
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fractions of leaf area, radiation transfer (PAR, NIR and long-wave) and direct and diffuse 
radiation fractions (Duursma & Medlyn, 2012). The model calculates leaf net photosynthesis 
at each crown grid point using the standard biochemical photosynthesis model of Farquhar et 
al. (1980) and leaf-level stomatal conductance using the Medlyn et al. (2011a) stomatal 
conductance model. The baseline parameter values utilised in these model simulations are 
given in Table 4.1.  
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Table 4.1. Parameter values used in simulating canopy photosynthesis 
Parameter Definitions  Value Units 
Vcmax25 maximum rate of Rubisco 
carboxylation 
103.6* μmol m-2 s-1 
Jmax25 potential rate of electron 
transport 
178.2* μmol m-2 s-1 
Ea Activation energy  Vcmax: 59700 
Jmax: 23800 
J mol-1 
ΔS Entropy factor Vcmax: 634 
Jmax: 627 
J mol-1 K-1 
Hd Deactivation energy 200000 J mol−1 
αJ Quantum yield of electron 
transport rate on an 
absorbed-PAR basis 
0.26 μmol mol -1 
θJ Curvature of electron 
transport rate relationship 
with APAR 
0.57 unitless 
RL25 Leaf respiration rate in light 0.9  μmol m-2 s-1 
Q10 The proportional increase in 
Rday per 10 °C rise in 
temperature 
2.0 unitless 
g1 A parameter related to the 
marginal water cost of 
carbon 
2.4 kPa0.5 
Soil reflectance  % in three wavebands;  PAR, 
NIR, thermal 
0.1, 0.3, 0.05 unitless 
Leaf reflectance  % in three wavebands;  PAR, 
NIR, thermal 
0.093, 0.34, 0.01 unitless 
Leaf transmittance  % in three wavebands;  PAR, 
NIR, thermal 
0.082, 0.49, 0.05 unitless 
kn Extinction coefficient of 
nitrogen in the canopy 
0.3 unitless 
k Light extinction coefficient 0.5 unitless 
*Values given are for the baseline model simulations. These values were specified seasonally 
and for sun and shade leaves/ different crown layers separately depending on the model 








Parameterisation scenario Assumptions 
1. Single big leaf approximation  
 
Tree canopy assumed to behave as a single leaf. Horizontal 
homogeneity assumed 
 
2. Two big leaf approximation Tree canopy assumed to behave as two big leaves, sunlit and 
shaded.  Horizontal homogeneity assumed 
 
3. Multi-layer approximation  Individual crowns are represented. Each crown is divided into six 
layers with 12 gridpoints, making 72 sub-volumes. Radiation 
extinction, self-shading and shading by neighbouring trees are 
included in simulations.  
 
4. Effect of within tree crown 
dynamics in photosynthetic 
biochemical parameters 
 
Leaf-level Vcmax and Jmax (at 25 °C) exponentially decline with 
crown depth. Other assumptions as per scenario 3 
5. Effect of within tree crown and 
seasonal dynamics in photosynthetic 
biochemical parameters 
Leaf-level Vcmax and Jmax (at 25°C) acclimate to seasonal changes 
in growth temperature. Other assumptions as per scenario 4 
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4.3.4 Model parameterisation 
4.3.4.1 Meteorological data  
I utilised half hourly measured incident photosynthetically active radiation (PAR), air 
temperature (Tair) and vapour pressure deficit (VPD) (Figure 4.2). Both Tair and VPD were 
directly measured inside the airspace of each chamber, while PAR was measured outside the 
chambers. A fixed ambient CO2 concentration of 400 µmol mol-1 (the whole tree chamber 
value) was assumed throughout the simulation period.  
 
 
Figure 4.2. Meteorological data of the site during canopy photosynthesis measurement 
period: a) daily mean air temperature (Tair), b) daily mean vapour pressure deficit (D), c) 
daily total photosynthetically active radiation (PAR). In panels (a) and (b), the shaded area 
depicts the daily maximum and minimum values.  
 
4.3.4.2 Tree dimensions, canopy structure and leaf area 
The total tree height, green crown height, height to crown base, tree diameter (at 65 
cm above the soil surface) and crown radius in both north-south and east-west directions were 
measured fortnightly, throughout the canopy CO2 flux measurement period. Daily tree height 
increment for each tree was obtained by linearly interpolating the measured height (Drake et 
al., 2019b). An individual-tree-specific allometric relationship was utilised to calculate the 
daily crown radius as a function of tree height. This model was developed and validated using 
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the fortnightly measured crown width and tree height data (r2=0.99). Total crown leaf area of 
each tree was obtained from Drake et al., (2016).  A detailed description of leaf area 
measurement and interpolation estimation can be found elsewhere (Barton et al, 2012; Drake 
et al, 2016). 
The Eucalyptus tereticornis crown was approximated as an upright cylinder and 
leaves were assumed to be randomly distributed within individual tree crowns.  Leaf angles 
were assumed to be spherically distributed with five leaf angle classes. Crown leaf area 
density was assumed to be uniform and leaf clumping was not considered. Leaf reflectance 
and transmittance (400–700 nm waveband) values were obtained from measurements of 
Eucalyptus saligna trees which were grown inside the same whole tree chambers in a 
different experiment (Belinda Medlyn, per.comm).  
 
4.3.4.3 Leaf scale physiology 
Leaf-level light saturated net photosynthetic rate (Asat) was measured at prevailing 
ambient temperatures (Asat) using LI-6400XT portable photosynthesis systems (Li-Cor Inc., 
Lincoln, NE, USA) in monthly time steps throughout the canopy photosynthesis 
measurement period by Aspinwall et al., (2016). Measurements were conducted on recent 
fully expanded sun-lit leaves (2-3 replicate leaves per each tree in whole tree chambers) at a 
photosynthetically active radiation (PAR) of 1500 µmol m-2s-1 and a flow rate of 500 µmol s-
1. The relative humidity inside the leaf chamber was maintained between 60 – 80% and the 
sample CO2 concentration at 400±5 ppm. I characterized the temperature response of leaf 
scale photosynthesis by fitting a widely used quadratic model (Battaglia et al., 1996, Crous et 
al., 2013, Gunderson et al., 2009, Sendall et al., 2015, Vårhammar et al., 2015) (Eqn 2) to 
these Asat measurements, as the data showed a classical parabolic response with leaf 
temperature. The model is expressed as:  
𝐴𝐴net = 𝐴𝐴opt − 𝑏𝑏�𝑇𝑇 − 𝑇𝑇optA�
2
      Eqn 2 
where Anet is the net photosynthetic rate (µmol m-2 s-1) at a given leaf temperature, T (°C), 
ToptA is the temperature optimum for photosynthesis (◦C) Aopt is the net photosynthetic rate at 
ToptA, and the parameter b (unitless) describes the degree of curvature of the relationship. We 
parameterised Eqn 2 in a non-linear mixed model framework (Zuur et al., 2009) using the 
nlme function within the nlme package in R version 3.5.1. Replicate whole tree chambers 
were included as random effects in the model. 
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Photosynthetic-CO2 response curves (A/Ci) were measured on individual leaves at a 
standard leaf temperature of 25 °C on the same leaves used for Asat measurements under 
similar light intensity, flow rate and humidity conditions as for measurements of Asat by 
Aspinwall et al, (2016). In addition, A/Ci curves were measured on lower canopy shade 
leaves using the same method at a single timepoint (February 2014) by Campany et al. 
(2018). We used these A/Ci curves to estimate the maximum rate of Rubisco carboxylation 
(Vcmax) and the maximum rate of electron transport for RuBP regeneration under saturating 
light (Jmax) using the FvCB model (Duursma, 2015). To characterize the instantaneous 
temperature response of Asat, Vcmax and Jmax, A/Ci curves were measured at five different leaf 
temperatures in two seasons, spring and summer 2013 (Crous et al. unpublished data). The 
temperature responses of Vcmax and Jmax were fitted using the peaked Arrhenius function 
(Johnson et al., 1942): 











    Eqn 3   
where kTk is the process rate (i.e. Vcmax or Jmax; 𝜇𝜇mol m-2 s-1) at a given temperature, Tk (K), 
k25 is the process rate at 25 ºC, R is the universal gas constant (8.314 J mol-1 K-1), and Ea (kJ 
mol-1) is the activation energy term that describes the exponential increase in enzyme activity 
with the increase in temperature, Hd (kJ mol-1) is the deactivation energy and ΔS (J mol-1 K-1) 
is the entropy term. To avoid over-parameterization, I assumed a fixed value of 200000 J 
mol-1 for Hd in Eqn 3 for all trees (Dreyer et al., 2001, Medlyn et al., 2002a). I parameterised 
Eqn 3 in a non-linear mixed model framework using replicate WTCs as random effects in the 
model. 
Diurnally measured leaf-level Asat measurements were utilised (see Drake et al., 2016 
for a detailed description) to parameterise the stomatal conductance model. These 
measurements were conducted in five measurement campaigns from July 2013 to February 
2014. Measurements were conducted at in-situ PAR, Tair and VPD conditions. I fitted the 
Medlyn et al. (2011a) optimal stomatal conductance model to these data to estimate the 
stomatal conductance model parameters. I assumed zero minimum leaf conductance (g0) 




4.3.5 Model-data comparison and data analysis 
I averaged the 15-minute canopy CO2 flux measurements over hourly intervals 
following Duursma et al. (2014). For this analysis, I excluded the elevated temperature 
treatment and only considered data of the six trees measured at ambient growth temperatures. 
Hence, the analysis includes a total of ~37,000 hourly canopy photosynthesis observations 
measured in six chambers over 6 months, then 3 chambers for the final three months when a 
drought treatment was implemented on half of the chambers. First, I evaluated the ability of 
the three canopy scaling methods to reproduce measured hourly rates of canopy 
photosynthesis, using linear regression analysis. Secondly, I characterised the temperature 
response of modelled canopy photosynthesis using a subset of hourly photosynthetic rates at 
saturating incident light levels (PAR > 1200 µmol m-2 s-1) and compared it with the 
temperature response of observed canopy photosynthesis using fitted general additive 
models. I considered canopy photosynthesis at saturating light levels to avoid any 
confounding effects of PAR on the temperature response.  Additionally, it allowed me to 
directly compare the temperature response of photosynthesis at canopy scale with the leaf-
scale response as the leaf-level temperature response was always measured at saturating light 
levels. I used general additive models to characterize the temperature response of canopy 
photosynthesis. General additive model is a data driven approach which does not assume a 
prior functional relationship between the variables (Rigby &  Stasinopoulos, 2005). I used the 
mgcv package in R version 3.5.1 (R Development Core Team, 2018) to fit the GAMs. I 
included replicate whole tree chambers as a random effect in the general additive models. 
Here, I considered the fitted and observed temperature response functions to be significantly 
different if the 95% confidence intervals were non overlapping. The datasets used for this 






4.4.1 Optimum temperature for photosynthesis (ToptA) 
The optimum temperature for leaf photosynthesis estimated using instantaneous 
measurements (24.7±1.4 °C; Figure 4.3a) was slightly higher than the optimum temperature 
estimated from measurements at in situ ambient air temperatures (22.1±1.4 °C; Figure 4.3b), 
but the 95% CI’s overlapped. A declining trend was observed for canopy scale measured net 
photosynthesis (ACanopy; µmol m-2 s-1) with increasing canopy temperature (TCanopy; °C, Figure 
4.3c) at PAR levels > 1200 µmol m-2 s-1. The data did not show an optimum temperature for 
canopy photosynthesis within the measured air temperature range. ACanopy approached zero 
when Tair was above 40 °C.  In contrast, both leaf-scale net photosynthesis measured at in-situ 
ambient air temperatures (Figure 4.3a) and the instantaneous temperature response (Figure 
4.3b) showed an optimum temperature within the measurement temperature range. Thus, the 
temperature optimum for the canopy photosynthesis of E. tereticornis trees in this experiment 
was at least 6 to 8 °C lower than the temperature optimum for light-saturated leaf net 





Figure 4.3. The temperature optimum for the canopy photosynthesis of E. tereticornis trees is 
at least 6 to 8 °C lower than the temperature optimum for light-saturated leaf net 
photosynthesis. Figure shows the temperature response of photosynthesis at different 
measurement scales: (a) instantaneous temperature response of leaf photosynthesis, (b) leaf 
photosynthesis measured at in-situ ambient temperatures across several seasons and (c) 
whole canopy photosynthesis. Filled circles in panels (a) and (b), leaf level net 
photosynthesis measured on replicate leaves (n=1-3) of Eucalyptus tereticornis trees grown 
under ambient growth temperatures in whole tree chambers and in panel (c) hourly rates of 
net photosynthesis at PAR > 1200 µmol m-2s-1 expressed per unit crown leaf area (ACanopy) of 
the same trees (n=6). Lines depict the fitted Eqn 4 in panels (a) and (b), general additive 
models in panel (c). The shaded area shows the 95% CI of predictions.  The circle with error 
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bars (±1SE) in panels (a) and (b) depicts the temperature optimum of leaf level 
photosynthesis.  
 
4.4.2 Comparison of different leaf to canopy scaling models 
I first modelled E. tereticornis canopy photosynthesis assuming that the tree canopy 
behaves as a single big-leaf (scenario 1, Table 4.2). This assumption was not able to 
accurately reproduce the measured canopy photosynthesis (Figure 4.4a). The model over-
predicted canopy photosynthesis, and had an incorrect temperature response for canopy 
photosynthesis at saturating PAR levels (Figure 4.4b).  The modelled canopy photosynthesis 
showed an optimum temperature at approximately 25 °C, which was similar to the optimum 
temperature for leaf-scale photosynthesis estimated from instantaneous photosynthetic-
temperature response measurements (Figure 4.4b). 
Both the two big-leaf model and multilayer model (MAESTRA) showed a significant 
improvement in the predicted hourly canopy photosynthesis compared to the single big-leaf 
approximation (Figure 4.4c, f). The temperature response of modelled canopy photosynthesis 
in both the two big-leaf model and MAESTRA was much closer to the temperature response 
of measured canopy photosynthesis. The r2 values of the linear regression between the 
modelled and measured canopy photosynthesis were 0.41 and 0.51 for two big-leaf model 
and MAESTRA respectively. The RMSE value was decreased from 3.44 (single big leaf 
model) to 2.8 (two big-leaf model) and for MAESTRA, the RMSE was 2.53 (Table 4.3).  
However, for both the two big-leaf and multilayer models, there remained a systematic over-
estimation in predicted canopy photosynthesis compared to the measurements at any given 
canopy temperature (Figure 4.4d).  These results suggested that the observed lower ToptA for 
canopy photosynthesis could be driven by the contribution to canopy photosynthesis of leaves 
operating under non-saturating light levels, but also indicate that the models are not correctly 





Figure 4.4. The big leaf approximation was not able to accurately reproduce the measured 
canopy photosynthesis. Figure shows measured vs modelled hourly rates of canopy net 
photosynthesis (Ameasured and Amodelled respectively) and their temperature response; (a) and 
(b) modelling the tree canopy as a single big leaf, (c) and (d) modelling the canopy as two 
big leaves and (e) and (f) modelling the tree canopy using MAESTRA. Filled circles in panels 
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a, c and e depict daytime hourly net photosynthetic rates expressed per unit canopy leaf area.  
Panels b, d and f show hourly net photosynthetic rates at saturating light levels (PAR >1200 
µmol m-2 s-1), expressed per unit canopy leaf area. Dashed lines in panels a, c, e depict the 
fitted simple linear regression model and the continuous lines depict the 1:1 relationship. In 
panels b, d, f, lines depict the fitted general additive models with shaded area showing the 
95% CI of predictions. 
 
4.4.3 Within tree crown variation in photosynthetic biochemical parameters  
A clear divergence in both Vcmax and Jmax was observed between sun and shade leaves 
(Campany et al., 2018).  Both Vcmax and Jmax were higher for sun leaves compared to shade 
leaves (ANOVA; P < 0.05). Vcmax25 was 21% lower in shade leaves relative to the upper 
canopy sun leaves. Similarly, Jmax25 was 26% lower in shade leaves.  These data were used to 
estimate the Vcmax25 and Jmax25 in different crown layers.  Here, I assumed that the first crown 
layer (crown depth = 1) is represented by the sun leaf and the sixth crown layer is represented 
by the shade leaf (crown depth = 6). I fitted an exponential relationship for Vcmax25 and Jmax25 





Figure 4.5. Photosynthetic capacities decline exponentially with crown depth. Figure shows 
the maximum rate of carboxylation by the enzyme ribulose-1,5-bisphosphate carboxylase-
oxygenase (Vcmax; panel a) and the potential rate of electron transport (Jmax; panel b) at a 
standard temperature of 25°C of six crown layers (L1-L6) of E. tereticornis that were used in 
multilayer model. L1 represents the upper canopy sun lit layer (crown depth=1) and L6 is the 
lowest crown layer (crown depth=6). Data from Campany et al., (2018).  
 I implemented the observed within-crown variation in photosynthetic capacities in 
two big-leaf model and MAESTRA by assuming an exponential decline in leaf level Vcmax25 
and Jmax25 through the crown depth (scenario 3). In the two big-leaf model, this was achieved 
using an extinction coefficient for nitrogen in the canopy. In MAESTRA, both Vcmax25 and 
Jmax25 values were assigned to different crown layers using the fitted exponential relationship 
(Figure 4.5a,b). This assumption did not significantly improve the predictions of either the 
two big-leaf model (Table 4.3) or the multi-layer model (MAESTRA). It did not improve the 
temperature response of canopy photosynthesis as model outputs did not show a significant 
change to the shape of the temperature response function compared to the baseline two big-
leaf model and MAESTRA (Figure 4.7b). Neither the r2 and RMSE of the two big-leaf and 
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MAESTRA models were significantly changed (Table 4.3). There remained a systematic 
overestimation in the model compared to the measurements.  
 
Table 4.3. Results of the linear regression analysis between measured and modelled canopy 
photosynthesis at PAR > 1200 µmol m-2 s-1 
Model Parameterisation Intercept Slope r2 RMSE 
Big leaf Baseline 4.6 ( 0.23 ) 0.33 ( 0.013 ) 0.12 3.44 
Seasonal acclimation in Vcmax and Jmax  2.5 ( 0.22 ) 0.48 ( 0.014 ) 0.21 3.25 
Two big-leaf  Baseline -1.9 ( 0.21 ) 0.79 ( 0.014 ) 0.41 2.80 
Within canopy gradient in Vcmax and Jmax -1.2 ( 0.21 ) 0.8 ( 0.015 ) 0.40 2.83 
Within canopy gradient and seasonal temperature acclimation 
in Vcmax and Jmax  
2.6 ( 0.17 ) 0.53 ( 0.012 ) 0.31 3.03 
MAESTRA Baseline -4 ( 0.19 ) 1.1 ( 0.014 ) 0.51 2.53 
Within canopy gradient in Vcmax and Jmax -3.5 ( 0.18 ) 1.1 ( 0.014 ) 0.52 2.51 
Within canopy gradient and seasonal temperature acclimation 
in Vcmax and Jmax  
-0.24 ( 0.15 ) 0.96 ( 0.014 ) 0.59 1.80 
 
 
4.4.4 Seasonal acclimation in photosynthetic biochemical parameters  
 Aspinwall et al., (2016) found strong evidence for acclimation of the maximum rate 
of carboxylation by the enzyme ribulose-1,5-bisphosphate carboxylase-oxygenase (Vcmax) to 
the prevailing growth temperature. Vcmax measured at a standard temperature of 25 °C 
(Vcmax25) showed a significant decreasing trend with increases in the preceding 30-day mean 
air temperature (Tgrowth). Both parameters were significantly higher in winter compared to 
summer. The mean rate of decrease in Vcmax was 1.9 ± 0.6 µmol m-2 s-1 °C increase in Tgrowth 
(Figure 4.6a).  Similar to Vcmax, the potential rate of electron transport measured at 25 °C 
(Jmax25) showed a significant decreasing trend with increasing Tgrowth (Figure 4.6b). The rate 
of decrease in Jmax, 3.7 ± 0.8 µmol m-2 s-1 per °C increase in Tgrowth was higher than that of 





Figure 4.6. Seasonal acclimation of the maximum rate of carboxylation by the enzyme 
ribulose-1,5-bisphosphate carboxylase-oxygenase (Vcmax; panel a) and the potential rate of 
electron transport (Jmax; panel b). Filled circles in panels (a) and (b) depict Vcmax and Jmax 
values at 25 °C (Vcmax25 and Jmax25 respectively, n=3) measured on replicate leaves (n=3) 
Lines depict the fitted least-squares regression models.  Tgrowth is the mean air temperature 
for the 30 days prior to gas exchange measurements. Error bars represent ±1SE. Data from 
Aspinwall et al., (2016).  
Next, I implemented both the within-crown gradient and seasonal acclimation in Vcmax 
and Jmax in all three models by assigning both parameters monthly using leaf-level data from 
Aspinwall et al., (2016).  Here, I assumed that the photosynthetic-temperature acclimation 
capacity was similar in leaves irrespective of the canopy position. This assumption 
significantly improved the predicted canopy photosynthesis only in the multi-layer model 
(Figure 4.7c), where the slope of the linear regression between measured and modelled 
canopy photosynthesis increased from 0.82 (scenario 3) to 0.94. Also, the temperature 
responses of photosynthesis of measured and modelled canopy photosynthesis were not 
significantly different, as the 95% confidence intervals were overlapping (Figure 4.7d). The 
r2 value increased from 0.52 (scenario 3) to 0.59 (scenario 4) and the RMSE decreased from 
2.51 (scenario 3) to 1.8 (scenario 4). In the two big-leaf model, implementation of a within-
crown gradient and seasonal temperature acclimation in Vcmax and Jmax did not significantly 
improve the predicted canopy photosynthesis compared to the multilayer model as r2 values 
were lower. Also, the RMSE was higher in the two big-leaf model under this assumption 
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compared to MAESTRA (Table 4.3). Overall, our results demonstrate that accounting for 
both within-canopy variation and seasonal temperature acclimation in photosynthetic 
biochemical parameters is important in scaling leaf scale photosynthesis to whole tree 
canopies. 
 
Figure 4.7. Measured vs modelled hourly rates of canopy net photosynthesis (Ameasured and 
Amodelled respectively) and their temperature response. Here, the model MAESTRA was used 
(a) and (b) An exponential decline of both Vcmax and Jmax within the tree crown was assumed 
(scenario 4), (c) and (d) Both an exponential decline and seasonal temperature acclimation 
of Vcmax and Jmax were assumed (scenario 5). Points in panels (a) and (c) show all hourly net 
photosynthetic rates expressed per unit canopy leaf area; points in panels (b) and (d) show 
the hourly net photosynthetic rates for PPFD >1200 µmol m-2 s-1, also expressed per unit 
canopy leaf area. In panels (a) and (c), dashed lines indicate the fitted simple linear 
regression model and continuous lines indicate the 1:1 line. In panels (b) and (d), lines depict 





In this study, I resolved the temperature response of canopy photosynthesis using a 
model-data integration method. I found that the observed lower temperature optimum for 
canopy photosynthesis was collectively driven by the large contribution from leaves 
operating at non-saturating light levels, the variation of photosynthetic capacity vertically 
through the canopy following the gradient in light, and temporal thermal acclimation 
following the seasonal variation in growth temperature. Further, I demonstrated that the big 
leaf model was not able to account for the reduction in temperature optimum at the canopy 
scale, but the two big-leaf and multilayer approaches were able to predict the temperature 
response of canopy photosynthesis accurately.  Overall these results suggest that terrestrial 
biosphere models should account for radiation extinction through the canopy layers as well as 
gradients in photosynthetic biochemical parameters within the canopy and thermal 
acclimation across seasons.  
Our study demonstrated significant improvement in predicted hourly canopy 
photosynthesis after accounting for irradiance extinction and leaf shading within the tree 
canopy (due to both self-shading and effects of neighbouring trees). This strongly suggested 
that much of the canopy leaf area was operating under light-limited conditions. Therefore, 
our data suggested that the lower temperature optimum for canopy photosynthesis compared 
to the temperature optimum at leaf scale is partly due to the large contribution of non-light 
saturated leaves to the total canopy photosynthesis. Hence, our data partially supported our 
first hypothesis, that the low temperature optimum for canopy photosynthesis is driven by the 
large contribution of non-light saturated leaves to total canopy photosynthesis. Several 
previous studies have suggested that canopy scale photosynthesis is frequently dominated by 
non-light saturating leaves (Ellsworth &  Reich, 1993, McMurtrie &  Wang, 1993, Schäfer et 
al., 2003). At low light conditions, photosynthetic rates of individual leaves are negatively 
affected by increasing photorespiration with temperature (Ehleringer &  Björkman, 1977), 
and hence the canopy photosynthesis rate tends to decrease with increasing temperature 
(Drake et al., 2016, Haxeltine &  Prentice, 1996, McMurtrie &  Wang, 1993). As a result, the 
temperature response of photosynthesis in leaves at lower canopy layers depicts a 
monotonically declining relationship at non-saturating irradiance conditions even with high 
incident PAR at the top of the canopy. These results suggested that both single and two big-
leaf approximations cannot predict the canopy photosynthesis and its temperature response 
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accurately and provide evidence for the need to account for radiation extinction and shading 
within the tree canopy.    
Our results showed a slight improvement in modelled canopy photosynthesis in the 
multi-layer model after accounting for the vertical canopy gradient in leaf-scale 
photosynthetic capacities, Vcmax and Jmax. In the two big-leaf model, this improvement was 
relatively minor in magnitude when compared to the improvement in modelled 
photosynthesis in multilayered MAESTRA. Several preveous studies provide evidence for 
significant differences in photosynthetic physiological properties, including Vcmax and Jmax, 
along the vertical axis of individual tree canopies following a gradient in light (Ranasinghe et 
al., 2015; Slot et al., 2018; Campany et al., 2016; Carswell et al., 2000; Weerasinghe et al., 
2014). Mercado et al. (2007) tested different vertical configurations of Vcmax in the Joint UK 
Land Environment Simulator (JULES) and reported that the simulated photosynthetic carbon 
uptake was less sensitive to variations in Vcmax across canopy depth.  As our results showed, if 
the majority of the canopy leaf area is operating under light-limited conditions, it is highly 
likely that the canopy photosynthesis is principally limited by light rather than Vcmax. 
Alternatively, it can be hypothesised that the systematic over-estimation in the model 
compared to the measurements could potentially be due to the values for Vcmax and Jmax for 
leaves at the lower canopy layers being assumed to be higher than the actual values. Because 
our data show a clear temporal variation in both Vcmax and Jmax following changes in growth 
temperature (discussed later), the parameter values assumed under this scenario do not 
represent the observed leaf-scale photosynthetic biochemistry.  
Our results showed a major improvement in the modelled canopy scale 
photosynthesis predictions by MAESTRA after accounting for both a within-canopy gradient 
and seasonal temperature acclimation of photosynthetic biochemical parameters, Vcmax and 
Jmax (i. e. supporting our second hypothesis). Under these assumptions, the model was able to 
predict canopy photosynthesis values that more closely match the observations compared to 
the big leaf and two big-leaf models with the same assumptions. Additionally, this modelling 
scenario captures the temperature response of canopy photosynthesis accurately. Results of 
the chapter 2 of this thesis clearly showed that acclimation of photosynthetic biochemical 
component processes to growth temperature was the principal driver of the leaf-scale 
photosynthetic temperature response. Previous studies on eucalypts also provide evidence for 
temporal variation in photosynthetic capacities following changes in growth temperature 
(Aspinwall et al., 2016, Aspinwall et al., 2017, Crous et al., 2018, Crous et al., 2013, Drake 
et al., 2015, Ghannoum et al., 2010b, Lin et al., 2013). These findings provide evidence for 
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the need for systematic accounting for seasonal temperature acclimation in predicting canopy 
photosynthesis.  Our results are further supported by a number of global scale studies which 
reported significant improvement in predictions of terrestrial biosphere models after 
accounting for acclimation in photosynthetic biochemical parameters (Mercado et al., 2018, 
Smith et al., 2016). 
In this study, I assumed that the photosynthetic-temperature acclimation capacity was 
similar in sun and shade leaves. Previous studies on photosynthetic-temperature acclimation 
have mainly focused on upper canopy sun-lit leaves (Aspinwall et al., 2016, Crous et al., 
2013, Slot &  Winter, 2017a, Yamaguchi et al., 2016). Constraining the photosynthetic 
acclimation capacity of leaves at different canopy depths is challenging as we lack a detailed 
understanding on how leaf scale photosynthetic-temperature response parameters (i. e. Ea, Hd 
and ΔS) vary in leaves at different canopy positions.  Nevertheless, our results indirectly 
suggest that the temperature response parameters of Vcmax and Jmax (i. e. Ea, Hd and ΔS) 
estimated at upper canopy sun-lit leaves sufficiently predict the temperature response of 
canopy photosynthesis.  
Several terrestrial biosphere models still use the “big-leaf” assumption when scaling 
leaf photosynthesis to canopies (Amthor, 1994, Rogers et al., 2017a), while othersrepresent 
sun and shade leaf area separately using the one-layered “two-big-leaves” approximation 
(Dai et al., 2004, Pury &  Farquhar, 1997) or multiple canopy layers (Bonan et al., 2011). 
Our results demonstrate that both MAESTRA and the two big-leaf model CABLE capture the 
reduction in temperature optimum at canopy scale, but that other models did not appear to 
capture the correct temperature optimum at canopy scale.  In most terrestrial biosphere 
models, the temperature optimum for canopy photosynthesis is similar to the leaf-level 
temperature optimum (see Rogers et al., 2017a, for example).  Hence, it is highly likely that 
these models do not represent the temperature response of canopy photosynthesis correctly, 
though the reasons remain unclear.  I recommend that models should test their canopy 
temperature response and verify that it does lead to a lower temperature optimum for canopy 
photosynthesis than for leaf photosynthesis. I suggest that terrestrial biosphere models should 
account for radiation extinction within the tree canopies in order to capture the correct 
temperature response of canopy photosynthesis. Also, accounting for seasonal acclimation 
and within canopy variation in photosynthetic capacities is important to get the correct 
magnitude of predicted canopy photosynthesis. These results highlight the limitation of using 
a fixed set of photosynthetic-temperature response parameters or the use of plant functional 
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type specific Vcmax25 and Jmax25 without accounting for seasonal temperature acclimation of 
photosynthetic biochemistry in terrestrial biosphere models (Harper et al., 2016, Leuning, 
2002). These findings on leaf to canopy scaling of photosynthetic temperature response 
derived in this study may prove useful in quantifying tree and forest canopy photosynthesis 




4.6 Supporting information for chapter 4
 
Figure 4. S. 1. Temperature response of modelled leaf net photosynthesis under saturating 
light levels and under low light using coupled photosynthesis and stomatal conductance 
model (Duursma, 2015). Simulations were done by assuming an ambient CO2 concentration 
of 400 µmol mol-1 and vapour pressure deficit (VPD) of 1 kPa. The maximum carboxylation 
rate of Rubisco at 25°C (Vcmax25) was 60 µmol m-2 s-1. All other parameters were set to default 




Chapter - 5 Water input alters the temperature optima for tree seedling photosynthesis 
and growth along a temperature gradient 
 
5.1 Abstract 
Understanding how tree growth is affected by rising temperature is a key to predicting 
the fate of forests in future warmer climates. Increasing temperature has direct effects on 
plant physiology but there are also indirect effects of increased water limitation because 
evaporative demand increases with temperature in many systems.  In this study, we 
experimentally resolved the direct and indirect effects of increased water limitation on the 
temperature response of growth and photosynthesis of the widely distributed species 
Eucalyptus tereticornis. We grew E. tereticornis in an array of six growth temperatures from 
18 to 35.5°C, spanning the climatic distribution of the species, with two watering treatments: 
i) water inputs increasing with temperature to match plant demand at all temperatures (Wincr), 
isolating the direct effect of temperature; and ii) water inputs constant for all temperatures, 
matching demand for coolest grown plants (Wconst), such that water limitation increased with 
growth temperature. We found that constant water inputs resulted in a reduction of 
temperature optima for both photosynthesis and growth by ~3 °C compared to increasing 
water inputs. Water limitation particularly reduced the total amount of leaf area displayed at 
intermediate growth temperatures, including at Topt. The reduction in photosynthesis could be 
attributed to lower leaf water potential and consequent stomatal closure. The reduction in 
growth was a result of decreased photosynthesis, reduced total leaf area display and a 
reduction in specific leaf area. Water availability had no effect on the response of stem and 
root respiration to warming, but at higher growth temperatures we observed lower leaf 
respiration rates under constant water inputs compared to increasing water inputs.  Overall 
this study demonstrates that the indirect effect of increasing water limitation strongly 





Projections of the future terrestrial carbon cycle depend strongly on how global 
forests are assumed to respond to rising temperature (Mercado et al., 2018, Rogers et al., 
2017a). Empirical research has reported spatially-divergent growth responses to warming, 
whereby trees in cold, wet sites typically show an increase in growth, in contrast to trees in 
warm, dry sites where growth typically declines (Babst et al., 2019, Bowman et al., 2014, 
Buechling et al., 2017, D’Orangeville et al., 2016, D’Orangeville et al., 2018, Lena et al., 
2016, Mäkinen et al., 2002, Price et al., 2013). Understanding the underlying physiological 
mechanisms responsible for these observed trends is a key to predicting the effect of global 
warming on tree growth (Medlyn et al., 2011b, Reich et al., 2018).  
The impacts of warming on plant growth primarily depend on whether plants are 
above or below their thermal optimum for growth (Drake et al., 2015, Drake et al., 2017b, 
Reich et al., 2015). A number of studies comparing forest stand growth rates across diverse 
climates have reported relatively low temperature optima for growth. For example, at the 
global scale, aboveground biomass carbon density peaked at a mean annual temperature of 8-
10 °C (Liu et al., 2014).  D’Orangeville et al (2018) reported that the growth rates of boreal 
tree species in Eastern Canada peaked at an annual mean maximum temperature of 8 – 10 °C.  
Similarly low temperature optima for growth have been reported for Australian tall wet 
eucalypt forests, where diameter growth peaks at a mean annual temperature of 11 ºC 
(Bowman et al., 2014, Prior and Bowman, 2014). Above-ground standing biomass of 
eucalypt forests also shows a linear declining trend with increasing site mean annual 
temperature above 11.5°C without a clear peak (Gordon et al., Wood et al., 2015).  It is not 
clear whether the observed declining trends of tree growth in response to increasing 
temperature and the comparatively low temperature optima for growth at landscape scale are 
due to the direct effects of temperature on tree growth (Körner, 2003, Prior &  Bowman, 
2014) or indirect effects of temperature such as reduced soil moisture availability for growth 
(Bowman et al., 2014). 
Temperature directly affects tree growth by determining the rates of many carbon 
balance processes including photosynthesis and respiration (Lambers 2008). The light-
saturated photosynthetic rate increases with temperature to a peak, which is followed by a 
decline (Berry &  Björkman, 1980). Decreases in carbon gain by photosynthesis at 
temperatures above the optimum may be a potential cause for the decrease in tree growth 
with warming (Way &  Sage, 2008a). However, many studies show that warming tends to 
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increase the temperature optimum for photosynthesis (Hikosaka et al., 2006, Kattge &  
Knorr, 2007, Kumarathunge et al., 2018b).  Results of chapter 2 of this thesis also show that 
the temperature optimum for photosynthesis increases with increasing seasonal growth 
temperature. Thus, the low temperature optima for growth at landscape scale are unlikely to 
be due to the direct effects of temperature on tree photosynthesis (Drake et al., 2015, Smith &  
Dukes, 2013). Prior and Bowman (2014) suggested that increased biomass maintenance 
respiration costs with increasing temperature could be a reason for diminishing growth rates 
at higher temperatures. A similar hypothesis was proposed by Larjavaara and Muller-Landau 
(2012) who suggested warming increases the total plant maintenance cost. However, it is 
unlikely that the observed decline in biomass growth is due to an increase in respiration rates, 
as there is now strong evidence for thermal acclimation of plant respiration (Atkin et al., 
2008, Atkin et al., 2005, Atkin et al., 2000, Crous et al., 2017, Crous et al., 2011, Heskel et 
al., 2016, Tjoelker et al., 2009, Tjoelker et al., 1999, Tjoelker et al., 2001, Vanderwel et al., 
2015), including temperature acclimation of above-ground respiration of trees to warming in 
field conditions (Drake et al., 2019a, Drake et al., 2016)  
A potential alternative explanation for the low temperature optimum of growth at the 
landscape scale is the constraint placed on temperature responses by water availability. 
Temperature and plant available water negatively co-vary at the landscape scale in a 
predictable manner due to the temperature-induced decrease in the available water through 
increased evapotranspiration (Park Williams et al., 2012, van Mantgem et al., 2009). In the 
future, it has been predicted that evapotranspiration will increase more than precipitation in 
many regions of the world in future warmer climates (Kao &  Ganguly, 2011). For many 
regions, climate warming is predicted to occur without any increase in rainfall (Kao &  
Ganguly, 2011). Hence, with increasing temperature, tree growth may become more 
constrained by available soil moisture (Allen et al., 2010, Barber et al., 2000, Densmore-
McCulloch et al., 2016). Thus, to predict future forest function, it is imperative to quantify 
how water availability constrains the effects of temperature on plant growth and physiology.  
Relatively few studies have separated the direct and indirect effects of warming. 
Field-based direct air and soil warming experiments conducted under seasonal or inter annual 
variation of soil moisture provide a test of the interactive effect of warming and soil moisture 
(Bloor et al., 2010, Butler et al., 2012, Melillo et al., 2011, Reich et al., 2018), but do not 
allow for the direct and indirect effects of warming to be separated (Volder et al., 2010). In 
contrast, warming experiments in controlled environments are generally conducted under 
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well-watered conditions where water addition is increased with warming in order to ensure 
that plants do not become water limited (e.g. Cheesman &  Winter, 2013, Drake et al., 2015, 
Drake et al., 2017b, Ghannoum et al., 2010a, Gunderson et al., 2009, Jarvi &  Burton, 2018, 
Natali et al., 2012, Reich et al., 2016, Slot &  Winter, 2018, Smith &  Dukes, 2017, Tjoelker 
et al., 1998, Way &  Sage, 2008a, Xiong et al., 2000). Although this research demonstrates 
the direct effects of temperature on tree physiology and growth, it does not quantify the 
indirect effect of warming on tree growth via changes in plant water demand relative to soil 
water availability. In experiments where temperature and water availability are manipulated 
separately, the focus tends to be on how drought modifies the response to warming (Adams et 
al., 2009, Ayub et al., 2011, Blackman et al., 2017, Crous et al., 2012, Duan et al., 2013, Li 
et al., 2018), involving a complete cessation of watering. Therefore, further studies are 
necessary to disentangle the effect of warming on growth under the potentially co-limiting 
conditions of declining plant water availability typically observed across climate gradients or 
predicted with climate warming.  
In this study, we attempt to separate the direct and indirect effects of temperature on 
plant growth. We experimentally resolved the potential effects of water limitation on the 
temperature response of growth by growing seedlings of a common and widely distributed 
tree species Eucalyptus tereticornis, across a wide array of growth temperatures with two 
watering treatments: (1) water inputs that were increased to match plant and evaporative 
demand with higher growth temperatures, thus allowing us to quantify the direct effect of 
temperature alone and (2) constant water inputs, matched to plant demand at the lowest 
growth temperature, such that warmed plants were subjected to both direct and indirect 
effects of temperature as water limitation increased with increasing growth temperature. We 
hypothesised that the temperature optima for photosynthesis and growth would be decreased 
by the indirect effect of increasing water limitation. We measured key physiological traits 
including irradiance-saturated leaf net photosynthesis and tissue specific dark respiration 
rates, and quantified the temperature response of key traits of whole plant growth under the 
two watering treatments. Our primary objective was to disentangle the direct effects of 




5.3 Materials and methods 
5.3.1 Plant material 
Seeds of forest red gum (Eucalyptus tereticornis sp tereticornis) were obtained from 
the Australian Tree Seed Centre (CSIRO, Canberra ACT, Australia). The seed source was a 
forest in Queensland, Australia (15.5S 145.14E) where the mean annual temperature and the 
mean maximum temperature of the warmest month are 26 °C and 32 °C respectively. The 
location receives a mean annual rainfall of 1800 mm with a prominent dry period from 
December to April. This experiment was a contemporaneous extension of the work by Drake 
et al. (2017b), which demonstrated that widely distributed E. tereticornis provenances share a 
common physiological thermal niche without local adaptation to the climate of origin. 
Therefore, the temperature and water dependencies discussed here are likely to be 
independent of the specific seed origin selection. Furthermore, the previous study (Drake et 
al. 2017b) was done entirely at high water availability. We build on this previous work by 
investigating the indirect effects of temperature on growth via changes in water availability. 
 
5.3.2 Experimental design  
Seeds were germinated in a shade house at Western Sydney University, Richmond, 
NSW, Australia (WSU) (33.62 S, 150.74 E). Seedlings were transferred from tube stock to 7 
litre PVC pots filled with a moderately fertile sandy loam soil (with field capacity and the 
permanent wilting point 0.25 and 0.05 m3m-3 respectively). A detailed description of the soil 
used is given in Drake et al. (2017b). Seedlings were fertilized with a liquid commercial 
fertilizer (Aquasol, Yates Australia; 250 ml per seedling) fortnightly during the experiment 
period.  
We randomly allocated 30 seedlings to each of six adjacent, naturally sun-lit 
glasshouse rooms (8 m long, 3 m wide and 5 m tall) located at WSU on 2016-01-08 (defined 
as day 0). We set the daily mean air temperature of each glasshouse room (referred to as 
growth temperature hereafter) to simulate the mean daily summer temperature of the entire 
range of E. tereticornis with two extreme growth temperatures outside the range. The six 
temperatures were 18, 21.5, 25, 28.5, 32 and 32.5 °C which were achieved through 10 
temperature set points with an approximately 9 °C diurnal range during the day-night cycle. 
The maximum daily air temperatures in each glasshouse room were 24, 27.5, 31, 34, 38, and 
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41.5 °C respectively. Use of the same planting material in an array of growth temperatures 
enables inferences on the effects of climate warming on growth and physiology depending on 
whether or not water inputs increase with warming. 
We maintained room relative humidity (RH) between 60 – 80% in all rooms, such 
that vapour pressure deficit increased approximately from 0.5 kPa (18 °C) to 2.5 kPa (35.5 
°C), reflecting the increase in VPD that occurs with mean annual temperature or warming. 
Seedlings were watered using an automated irrigation system and soil volumetric water 
content (θ) was measured hourly in each growth temperature using time domain 
reflectometers (Campbell Scientific, Logan, UT, USA) installed in four pots within each 
growth temperature. We recorded air temperature, VPD, RH (Vaisala HMP110 
Humidity/Temperature probes) and photosynthetic photon flux density (PPFD) at canopy 
height (Apogee quantum sensor, USA) in one-minute intervals day and night and monitored 
conditions frequently to maintain the desired control levels.  We randomly rotated the growth 
temperature treatments among the glasshouse rooms after 10 days to account for any 
environmental heterogeneity across the glasshouse rooms. Also, at each growth temperature, 
seedlings were rotated regularly within the room to minimize potential effects of within room 
environmental heterogeneities. As VPD increases with growth temperature in our experiment, 
we recognize that VPD may have contributed, in part, to the temperature dependencies 
discussed in this work. In chapter 6, we attempt to separate the effects of temperature and 
VPD on physiology and growth.  
 
5.3.3 Water input treatment 
After one week of growth under well-watered conditions, 15 seedlings within each 
growth temperature were assigned to one of the two water input treatments; 1. water inputs 
held constant for all temperatures, matching plant demand at the baseline growth temperature 
(Wconst) or 2. water inputs increased with temperature to match plant demand at each 
temperature (Wincr). We considered the coldest room (room 1, 18 °C) as the baseline growth 
temperature (i.e. the mean summer temperature of the southern range limit of E. tereticornis 
climate distribution envelope) and maintained equivalent soil water content above 70% of the 
field capacity for both water input treatments by adding same quantity of water. In the other 
rooms (2-6), Wconst plants were given the same quantity of water that was added to the plants 
in room 1. We kept Wincr plants in other growth temperatures at soil water content above 70% 
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of the field capacity by adding an adequate amount of water daily throughout the experiment; 
some variation in soil water content was observed in the Wincr treatment over time as the 
irrigation was adjusted to keep up with plant water use. By doing this we simulated two 
unique scenarios; 1) an array of temperatures with constant water inputs, such that plant 
available water decreased with temperature and 2) an array of temperatures where water 
inputs increased to match plant demand, such that plants were well hydrated (hereafter 
referred to as Wconst and Wincr respectively). We used an automated irrigation system and 
maintained the soil volumetric water content of Wconst plants in room 1 and Wincr plants in all 
rooms above 70% of the field capacity throughout the duration of the experiment (Figure 5. 
S1) by increasing the amount of water applied with increasing temperature and plant size  
 
5.3.4 Plant growth metrics 
We measured height of the main stem and basal diameter of 15 seedlings per growth 
temperature per water treatment approximately in weekly intervals. We used an allometric 
model to estimate total plant dry mass using the measured height and diameter. The 
allometric model was developed using additional seedlings present in each glasshouse room 
which were periodically harvested throughout this study (n=156, Drake et al., 2017b). The 
model is of the form 
log10(Mt) = −0.018 + 0.85[log10(d2h)] − 0.064[(log10(d2h))2]  Eqn 1 
where, Mt is the total plant mass (g), d is the basal diameter (mm), and h is the stem 
height (cm). The model predicted the observed mass with high accuracy (r2=0.98). A detailed 
description of the allometric model development is given in Drake et al. (2017b).  
We harvested five randomly selected plants in each growth temperature × watering 
treatment combination at the end of the study between 41-48 days. We separated harvested 
plants into leaves, stems (including branches and stem tips) and roots which were washed 
free of soil. These samples were oven dried at 60 °C for 48 h and weighed. We counted the 
number of leaves of each harvested seedling and measured the total leaf area using a portable 
leaf area meter (Li-3100C, Licor). We calculated mean leaf size for each plant as leaf area/ 
leaf count and specific leaf area (SLA) as leaf area/leaf dry mass. We calculated leaf, stem 
and root mass fractions as leaf dry mass/total plant dry mass, stem dry mass/total plant dry 
mass and root dry mass/total plant dry mass, respectively.  
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5.3.5 Gas exchange measurements 
We measured irradiance-saturated leaf net photosynthetic rate (Asat) on the most 
recent fully expanded leaf of eight replicate plants in each growth temperature x watering 
treatment combination, using six Licor 6400XT portable photosynthesis systems (Licor 
Biosciences, Lincoln, NE, USA) with standard 2×3 cm leaf chamber and LED light source 
(Li-6400-02B LED). Measurements were conducted at a photosynthetic photon flux density 
(PPFD) of 1500 µmol m-2s-1 and a flow rate of 500 µmol s-1. We maintained the relative 
humidity inside the leaf chamber between 60 – 80% and the sample cell CO2 concentration at 
400±5 ppm. For each growth temperature treatment, we measured Asat at a leaf temperature 
similar to the mid-morning growth temperature (20, 24, 28, 32, 36, and 40 °C respectively). 
We maintained the leaf temperature at target leaf temperature ± 1.5 °C by manipulating the 
chamber block temperature. Measurements were completed between 0930 – 1430 hr of the 
day.  Leaves were allowed at least 10 minutes to equilibrate before the data were logged. In 
addition to the Asat measurements, we measured net photosynthesis rates at three other PPFD 
levels, 1000, 500 and 100 µmol m-2s-1 following the same procedure. We used Eqn 2 to 
characterize the temperature response of photosynthesis.  
We measured leaf, stem and root respiration rates for five plants in each water 
treatment at each growth temperature during the final harvest between 41-48 days. We 
separated harvested plants into leaves, stems (including branches) and roots, which were 
washed free of soil and excess water removed using paper towels before measurements. We 
measured leaf respiration rates (RL) using three randomly selected leaves, combined in a 
single cuvette for measurement, for each of the eight replicate seedlings. We used the entire 
stem with branches cut in to 5 cm segments to measure stem respiration rates (RS). We used 
entire root system or subsample, depending on root mass, to measure root respiration rates 
(RR). All tissue specific respiration rates were measured at a common temperature of 25 ± 1.5 
°C and a reference cell CO2 concentration of 400±5 ppm using Licor 6400XT portable 
photosynthesis systems with the Li-6400-22 conifer chamber. We used a flow rate of 400 
µmol s-1, but for roots, it was increased to 700 µmol s-1 occasionally due to high moisture 
content in measurement chamber. Respiration rates were measured as quickly as possible 
after harvest (within 1 hour). See Drake et al. (2017b) for further details on this measurement 
protocol on other plants in the same study. After measurements, all samples were oven dried 




5.3.6 Plant water potential 
We measured pre-dawn (Ψpd) and mid-day (Ψmd) leaf water potentials on five plants 
in each growth temperature x watering treatment combination at the end of the study on day 
48 using a Scholander type pressure chamber with a maximum range of −10 MPa (PMS 
Instruments, Corvallis, OR, USA).  
 
5.3.7 Temperature response of growth and photosynthesis  
We used a simple mathematical model (June et al., 2004) to characterize the temperature 
response of plant mass, photosynthesis and other variables whenever it showed a peaked 
response to growth temperature. The model is of the form 





        Eqn 2 
where k(T) is the process rate at temperature T, k(Topt) is the process rate at the optimum 
temperature Topt and the Ω is the temperature at which k falls to 0.37 (e-1) of its value at Topt.  
However, for SLA we fitted a simple linear regression model of the form 
 𝑘𝑘(T) = α + βT, where α is the intercept and ß the slope, to describe the temperature 
response as it showed a linear relationship with growth temperature. For tissue specific dark 
respiration rates, stomatal conductance and transpiration data, we fitted general additive 
models to characterize the temperature response.   
 
5.3.8 Data analysis 
We estimated the parameters of Eqn 2 in a non-linear regression framework using nls 
function within the nlme package in R version 3.5.1 (R Development Core Team, 2018). 
However, for SLA, we used simple linear regression (lm function in base R) to describe the 
temperature response as it showed a clear deviation from the peaked response.  We used 95% 
confidence intervals of the parameter estimates (confint2 function within the nlstools R 
package) to test the null hypothesis of no significant differences in the temperature response 
between well-watered and water-limited treatments. We identified a given parameter as 
significantly different between two treatments if the parameter values had non-overlapping 
95% CIs. However, we further tested the 95% CI based conclusions by using non-linear 
mixed effect models (nlme function within nlme R package). Here we compared two models 
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fitted with and without a fixed parameter effect for water treatment, using the likelihood ratio 
test, followed by post-hoc pairwise comparisons (glht function within multcomp R package). 
For tissue specific dark respiration rates and leaf, stem and root mass fraction data, we fitted 
general additive models (Rigby &  Stasinopoulos, 2005) to visualize the patterns with growth 
temperature. We tested for significant differences in the growth temperature response 
between watering treatments of these variables by comparing the fitted 95% CI between 
water treatments. We used standardized major axis regression (SMA; sma function within 
smatr R package) to test for significant differences between watering treatments in biomass 
allocation to different components. SMA is a procedure for assessing heterogeneity of 
regression slopes which characterizes the best fitted bivariate line between two variables 
(Warton et al., 2012, Zhang et al., 2016). The dataset used for this study is publicly available 
(Drake et al., 2016b) and the analysis code to reproduce all the results, including the figures 
and tables, is available at (https://bitbucket.org/Kumarathunge/great-drought). 
 
5.4 Results 
5.4.1 Soil and plant water status 
The mean soil volumetric water content (θ) during the total duration of the experiment 
in plants where water inputs matched plant demand (Wincr) was similar across growth 
temperatures with a mean of 0.20±0.002 m3m-3 (Figure 5.1, Figure 5.S.1). Thus. while there 
was some variation in θ over time, this treatment successfully kept plants well-watered across 
a wide range of growth temperatures. The mean θ of plants grown with constant water inputs 
(Wconst) decreased with increasing growth temperature (Tgrowth), from 0.17 ±0.01 m3m-3 at 18 
°C to 0.09 ±0.01 m3m-3 at 35.5 °C (Figure 5.1, Figure 5.S.1). Except for 18 ◦C, θ differed 
between Wconst and Wincr plants at all Tgrowth treatments (Figure 5.S.1).  
Leaf pre-dawn water potential (Ψpd) gradually decreased with increasing Tgrowth in 
both water treatments, but the rate of decline was larger in Wconst plants (Figure 5.2a, major 
axis regression slopes differ, P < 0.05; Table 5.1). The decreasing trend in Ψpd with Tgrowth, 
even in the well-watered conditions, may reflect night-time transpiration (Ogle et al., 2012). 
Similar to θ, Ψpd at the coldest Tgrowth was not significantly different between Wincr and Wconst 
treatments (95% CI overlapped). However, Ψpd was significantly lower in Wconst plants 
compared to the Wincr at other growth temperature treatments (Figure 5.2b). Mid-day leaf 
water potential also decreased with increasing Tgrowth (Ψmd; Figure 5.2b), Similar to Ψpd, the 
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rate of decline was larger in Wconst compared to Wincr (Table 5.1). Ψmd of Wconst plants was 
lower than the Ψmd of Wincr plants at all Tgrowth except 18◦C.  
 
Figure 5.1. Daily mean soil volumetric water content (θ) of plants at six growth 
temperatures; (a) 18°C – (f) 35.5°C. The ticks along the x-axis denote the date that leaf-level 
gas exchange was measured (left) and the final harvest was completed (right). The shaded 
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horizontal line in each panel depicts the θ value at 70% of the field capacity. Legend in panel 
(a) depicts two treatments; water inputs increasing with temperature to match plant demand 
at all temperatures (Wincr) and water inputs constant for all temperatures, matching demand 
for coolest grown plants in the 18 °C treatment (Wconst). 
 
Figure 5.2. Leaf pre-dawn and mid-day water potential were lower in Wconst plants compared 
to Wincr. Figure shows mean pre-dawn (a) and mid-day (b) leaf water potential at different 
growth temperatures (n=5) at the end of the study. Tgrowth is the daily mean air temperature 
across the experiment. Error bars depict 95% CI of the mean. Legend in panel (a) depicts 
two treatments; water inputs increasing with temperature to match plant demand at all 
temperatures (Wincr) and water inputs constant for all temperatures, matching demand for 
coolest grown plants (Wconst).  
 
5.4.2 Plant growth  
We observed strikingly different temperature response curves for final total mass 
between the two watering treatments. The temperature optimum for the final mass in Wconst 
(25.4±0.46 ◦C) was ~3 °C lower than that in Wincr (28.3±0.36 ◦C; Figure 5.3a, Table 5.1). 
Also, the peak final mass at Topt of Wconst (6.54±0.33 g) was significantly lower than that in 
the Wincr treatment (11.75±0.61 g; Figure 5.2, Table 5.1). Plant height, diameter and the 
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estimated total dry mass diverged between the two watering treatments approximately 2 
weeks after the implementation of the watering treatments (Figure 5.S2, 5.S3, 5.S4). Plant 
mass diverged between two watering temperatures at growth temperatures above 21.5 °C 
where Wconst showed significantly lower final mass compared to the Wincr treatment (Figure 
5.3a). The Ω parameter of final mass, indicating the breadth of response relative to the peak 
at the temperature optimum, was not significantly different between the two watering 
treatments (Table 5.2).  
 
Figure 5.3. The temperature optimum for the final mass in Wconst was ~3 °C lower than that 
in Wincr. Figure shows temperature response of final total plant mass (45-day period) (a) and 
its components leaf mass (b), stem mass (c) and root mass (d). Tgrowth is the daily mean air 
temperature across the experiment. Lines depict the fitted temperature response function 
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(Eqn2) and the shaded areas depict the 95% CI of the predictions. Filled circles are the 
means of the measured data and the error bars depict ±1SE (n=5). Legend in panel (a) 
depicts two treatments; water inputs increasing with temperature to match plant demand at 
all temperatures (Wincr) and water inputs constant for all temperatures, matching demand for 
coolest grown plants (Wconst).  
 
 Similar to final total plant mass, we observed peaked temperature response curves for 
three biomass components; leaves, stem and roots (Figure 5.3b, c, d respectively). The 
temperature optima of all three components were significantly lower for Wconst compared to 
the Wincr (Table 5.2). For both watering treatments, the temperature optima of leaf and stem 
mass were similar to the temperature optimum of final total plant mass. However, for root 
mass, the temperature optimum was approximately 2 °C lower compared to the leaf, stem and 
total mass for in both watering treatments (see Figure 5.2). Collectively, these results indicate 
that constant and hence constrained water inputs with increased growth temperature reduced 
the temperature optimum of growth to a lower temperature relative to well-watered 
conditions. 
 
5.4.3 Plant biomass ratios  
We observed similar slopes for two watering treatments (~0.6; P > 0.05; Figure 5.1) for the 
regression between leaf mass and total plant biomass (Figure 5.4a). Hence, the fraction of 
total biomass found in leaves (leaf mass ratio) did not differ between the two watering 
treatments after variation in seedling biomass across treatments and plants was accounted for 
in the analysis. The slope for stem mass vs total plant biomass was significantly lower in 
Wconst plants (0.21±0.04) compared to the Wincr (0.31±0.05; Figure 5.4b, Table 5.1), indicating 
a reduced fractional allocation to stem biomass in the water-constrained vs well-watered 
treatment. In addition, the analysis showed an increased biomass allocation to roots under 
constrained water inputs, where the slope was higher in Wconst seedlings (0.26±0.05) 
compared to the Wincr (0.18±0.04; Figure 5.4c, Table 5.1). We infer that the indirect effect of 
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Figure 5.4. Watering treatments altered the fraction of biomass allocated to different tissues. 
Figure shows fraction of total plant biomass found in (a) leaves, (b) stem and (c) roots.  Lines 
represent standardized major axis fitting of the allometric relationships of mass fraction by 
water treatment. Filled circles are the measured data at the final harvest across all growth 
temperatures (n = 30 per water treatment). Note the slopes in panel (a) were not significantly 
different between treatments, but slopes and in panels (b) and (c) are were significantly 
different between water treatments (Table 5.1). Legend in panel (c) depicts two treatments; 
water inputs increasing with temperature to match plant demand at all temperatures (Wincr) 














Table 5.1. Results of the standardized major axis regression of the predawn and mid-day 
water potentials and allometric relationships of leaf, stem and root mass fractions by 
watering treatments (data shown Figure 2 and 4 in the main text). P-values < 0.05 depict 
significantly different slopes between treatments for a given regression.   
Regression Treatment Intercept Slope r2 P-value 
Ψpd (MPa) vs Tgrowth 
Wincr 
0.24 (-0.1 - 0.5) -0.02 ( -0.04 - -0.02 ) 0.90 
0.0468 
Wconst 
0.45 (0.1 - 0.8 ) -0.04 ( -0.05 - -0.03 ) 0.94 
Ψmd (MPa) vs Tgrowth 
Wincr 
-0.05 (-0.8 - 0.7) -0.05 ( -0.09 - -0.03 ) 0.85 
0.3170 
Wconst 
0.08 (-0.9 - 1.1) -0.07 ( -0.12 - -0.04 ) 0.87 
Leaf mass (g) vs total 
mass (g) 
Wincr 
-0.31 (-0.7 - 0.1) 0.6 ( 0.55 - 0.65 ) 0.95 
0.1479 
Wconst 
-0.35 (-0.6 - -0.1) 0.65 ( 0.59 - 0.71 ) 0.96 
Stem mass (g) vs total 
mass (g) 
Wincr 
-0.21 (-0.7 - 0.2) 0.31 ( 0.26 - 0.36 ) 0.55 
0.0195 
Wconst 
0.10 (-0.2 - 0.4) 0.21 ( 0.16 - 0.28 ) 0.80 
Root mass (g) vs total 
mass (g) 
Wincr 
-0.03 (-0.4 - 0.3) 0.18 ( 0.14 - 0.22 ) 0.62 
0.0131 
Wconst 
-0.37 (-0.7 - -0.1) 0.27 ( 0.21 - 0.34 ) 0.68 
 
The total plant leaf area at final harvest showed a peaked response to growth 
temperature (Figure 5.5a). Wconst showed a significantly lower optimum temperature for total 
leaf area compared to Wincr (25.6±0.4 vs 28.4±0.4 °C). Also, the peak leaf area at the 
temperature optima was significantly lower in Wconst than Wincr (Table 5.2).  Mean leaf size 
also showed a similar peaked pattern with a peak at ~26 °C, but the values were not 
significantly different between the two watering treatments at either lower (<22 °C) or higher 
(>30 °C) growth temperatures (Figure 5.5b). However, leaf size at the temperature optimum 
was significantly smaller for Wconst treatment compared to Wincr treatment (Table 5.2). We 
observed a clear difference in the total number of leaves per plant, whereby Wconst plants 
showed a significantly fewer leaves per plant compared to Wincr at growth temperatures above 
25 °C (Figure 5.5c). Specific leaf area (SLA) showed relatively stable values across the range 
of Tgrowth (Figure 5.5d). SLA was similar between two watering treatments at both lowest (18 
°C) and highest (35.5 °C) growth temperatures, but showed significantly lower SLA values in 
Wconst plants than the well-watered treatment at other growth temperatures (Figure 5.5d). 
Collectively, these results indicate that indirect effect of warming on water availability did 
not alter the proportion of plant biomass allocated to leaves, but reduced the total leaf area 
displayed per plant through a reduction number of leaves, reduced leaf size and lower SLA. 
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Figure 5.5. Temperature response of mean total leaf area (a) mean individual leaf size (b) 
total number of leaves per plant (c) and specific leaf area (d; SLA) measured at final harvest 
after 45 days. Tgrowth is the daily mean air temperature across the experiment. Lines depict 
the fitted temperature response function (Eqn 2) in panels a-d and simple linear regression 
fits in panel e. Shaded areas depict the 95% CI of the predictions. Error bars depict ±1SE (n 
= 5). Legend in panel (a) depicts two treatments; water inputs increasing with temperature to 
match plant demand at all temperatures (Wincr) and water inputs constant for all 




5.4.4 Leaf net photosynthesis  
The leaf net photosynthesis rates measured at mid-day in-situ Tgrowth and saturating 
PAR (Asat) showed a peaked response with the measurement leaf temperature across growth 
temperatures (Figure 5.6a). The temperature optimum for photosynthesis (ToptA) of Wconst 
treatment (27.7±0.60 °C) was ~1.5 °C lower than the Wincr (29.1±0.38 °C), but with 
overlapping 95% CI (Table 5.2). Net photosynthesis values at ToptA (Aopt) and the curvature 
parameter (Ω) were slightly lower in Wconst plants but the 95 % CIs overlapped. Nonlinear 
mixed model analysis suggested that the three temperature response parameters (ToptA, Aopt 
and Ω) were significantly different between watering treatments, although the differences 
were small (Table 5.2). We observed a clear divergence in temperature response curves at 
leaf temperatures above ToptA where the leaf net photosynthesis (Asat) of the Wconst treatment 
was significantly lower than the well-watered Wincr treatment (Figure 5.6a).  In well-watered 
plants, leaf net photosynthesis increased by 46% between the 18 °C and 21.5 °C growth 
temperatures and maintained relatively similar assimilation rates up to 28.5 °C, then declined 
with further increases in growth temperature. The sensitivity was found to be similar for the 
water-limited plants under constant water inputs at growth temperatures below 21.5 °C but 
the photosynthesis rate started to decline at a lower Tgowth (~25 °C) compared to Wincr 
treatment. In general, the photosynthetic rates were similar across the watering treatments 
with the exception of the warmest growth temperature, in which Asat of Wconst plants was 
reduced by 31% compared to the Wincr plants.  
We observed convergence in temperature response curves of net photosynthesis 
between two watering treatments when measured at low photosynthetically active radiation 
(PAR) levels (Figure 5.S.5a-c). In contrast to measurements at saturating PAR (Figure 5.6a, 
Figure 5.S.5d), net photosynthesis measured at low PAR levels showed a less pronounced 
peak. ToptA under low PAR was lower than ToptA at high PAR in both watering treatments 
(Table 5.2).  
 Stomatal conductance (gs) did not differ between watering treatments at leaf 
temperatures below 30 °C (Figure 5.6b). Overall, gs was remarkably high in these young and 
rapidly growing plants. Plants in both watering treatments exhibited a marked increase in gs 
from leaf temperatures of 18 °C to 25 °C, then gradually decreased in response to further 
increases in leaf temperature. At high leaf temperatures (>35 °C), gs of Wconst plants was 
significantly lower than the Wincr plants (Figure 5.6b). The data showed that well-watered 
plants exhibited increased transpiration rates with higher growth temperatures above 30 °C, 
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and therefore transpiration rates of Wincr plants were significantly higher than Wconst and the at 
higher growth temperatures (Figure 5.6c). As a result, the difference between leaf 
temperature and air temperature (inside the Licor 6400XT leaf cuvette) at growth 
temperatures above 25 °C was always higher for the Wconst plants compared to the Wincr plants 
(Figure 5.S.6). Also, there was a clear divergence in the Ci:Ca ratio between two watering 
treatments in that the Ci:Ca ratio was significantly lower in Wconst plants compared to Wincr at 
leaf temperatures above 30 °C (Figure 5.6d). 
 
Figure 5.6. The temperature optimum for photosynthesis (ToptA) of Wconst treatment was ~1.5 
°C lower than the Wincr. Figure shows temperature response of leaf net photosynthesis (Asat) 
(a), stomatal conductance (b), leaf transpiration and [CO2] ratio of intercellular: ambient air 
(d) of two treatments. Data measured at a PAR of 1500 µmol m-2 s-1 and at the mid-day in-
situ growth temperatures. Lines depict the fitted temperature response function (Eqn2) in 
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panel (a) and fitted general additive models in panel (b-d). The shaded areas depict the 95% 
CI of the predictions. Filled circles are the measured data and the error bars depict ±1SE (n 
= 8). Legend in panel (d) depicts two treatments; water inputs increasing with temperature to 
match plant demand at all temperatures (Wincr) and water inputs constant for all 
temperatures, matching demand for coolest grown plants (Wconst).  
 
5.4.5 Leaf, stem and root respiration 
With increasing growth temperature, we observed an asymptotically decreasing 
response of mass-based leaf respiration rates (RL25) measured at a standard temperature of 25 
°C for the two watering treatments (Figure 5.7a). This reduction in RL25 with increasing 
Tgrowth reflects respiratory acclimation to temperature assessed using the set-temperature 
method (Atkin et al. 2005; Drake et al. 2016). There was no significant difference in RL25 
between watering treatments at Tgrowth below 25 °C. However, at Tgrowth above 25 °C, Wconst 
plants showed significantly lower RL25 values compared to well-watered plants (Figure 5.7a).   
We observed similar asymptotically declining trends for mass-based leaf, stem and 
root dark respiration rates at 25 °C (RL25, RS25 and RR25 respectively) with increasing growth 
temperature (Figure 5.7b, c). In both watering treatments, respiration rates at 25°C, steeply 
decreased from the coldest; 18 °C Tgrowth to 25 °C and remained approximately invariant with 
increasing Tgrowth above 25 °C.  Hence, the data showed acclimation of respiration to growth 
temperatures below 25 °C and constrained acclimation at growth temperatures above 25 °C. 
Both stem and root respiration rates did not differ between the water treatments, exhibiting 
overlapping 95% CIs. These results provide evidence that constrained water inputs reduced 
whole plant respiration at higher growth temperatures mainly due to decreased leaf 
respiration rates. However, the lack of acclimation evident at temperatures exceeding 25 °C 




Figure 5.7. Constrained water inputs reduced whole plant respiration at higher growth 
temperatures. Figure shows mass based respiration rates of leaf (a), stem (b) and root (c) 
material measured at a standard temperature of 25 ◦C in plants grown at a wide range of 
temperatures. Tgrowth is the daily mean air temperature across the experiment. Lines depict 
the fitted general additive models and the shaded areas depict the 95% CI of the predictions. 
Filled circles are the measured data. Error bars depict ±1SE (n = 5). In panel (a), symbol * 
depicts significant differences (α=0.05) between watering treatments at a given Tgrowth. 
Legend in panel (d) depicts two treatments; water inputs increasing with temperature to 
match plant demand at all temperatures (Wincr) and water inputs constant for all 













Table 5.2. Parameters of the temperature response and their 95% CI (Eqn 2). Warming 
treatments; warming with constant water inputs (Wconst) and warming with water inputs 
increased to match plant demand (Wincr). Statistically significant differences in parameters 







Variable Treatment Topt (°C) Rref   Ω (°C) 
Final total mass (g) Wincr 28.3 (27.5-29.0)
a 11.7 (10.5-13.0)a 8.3 (7.1-9.5)a 
Wconst 25.4 (24.5-26.4)b 6.5 (5.9-7.2)b 10.4 (8.6-12.2)a 
Final leaf mass (g) Wincr 28.4 (27.5-29.3)
a 6.6 (5.7-7.4)a 8.2 (6.7-9.7)a 
Wconst 25.6 (24.8-26.5)b 3.9 (3.5-4.4)b 9.4 (7.9-10.9)a 
Final stem mass (g) Wincr 29.5 (28.3-30.7)
a 3.21 (2.7-3.7)a 9.0 (7.0-10.9)a 
Wconst 27.4 (25.5-29.2)b 1.4 (1.2-1.5)b 13.5 (8.9-18.1)b 
Final root mass (g) Wincr 26.3 (25.7-26.9)
a 2.1 (1.9-2.3)a 7.3 (6.4-8.2)a 
Wconst 23.3 (21.6-25.0)b 1.3 (1.1-1.5)b 10.3 (7.7-13.1)b 
AGR (g d-1) Wincr 27.7 (27.1-28.2)
a 0.3 (0.3-0.4)a 8.4 (7.4-9.4)a 
Wconst 24.7 (24.0-25.3)b 0.2 (0.19-0.23)b 7.9 (6.8-8.9)a 
Asat (µmol m-2 s-1) Wincr 29.1 (28.3-29.8)
a 25.5 (24.3-26.8)a 15.3 (13.7-17.6)a 
Wconst 27.7 (26.3-28.8)b 23.9 (22.1-25.6)b 14.1 (12.1-17.1)a 
A100 (µmol m-2 s-1)* Wincr 25.0 (23.1-26.1)
a 5.0 (4.7-5.3)a 15.9 (13.6-19.7)a 
Wconst 25.3 (23.6-26.4)a 5.1 (4.8-5.4)a 15.9 (13.8-19.8)a 
Leaf area (cm2) Wincr 28.0 (27.38-28.68)
a 1310 (1180-1440)a 7.8 (6.8-8.8)a 
Wconst 25.0 (23.83-26.08)b 584 (515-654)b 10.3 (8.2-12.4)b 
Mean leaf size (cm2) Wincr 26.1 (24.83-27.33)
a 31.0 (25.8-36.2)a 9.0 (6.8-11.1)a 
Wconst 25.6 (24.0-27.1)a 21.9 (19.4-24.4)b 14.2 (10.0-18.4)a 
Leaf count (#) Wincr 31.1 (28.1-34.2)
a 53.8 (45.2-62.3)a 12.3 (7.8-17.3)a 




In this study, we experimentally separated the direct effect of temperature per se from 
the indirect effect of temperature on water availability on the temperature response of tree 
growth and physiology. The direct effect of temperature on growth was substantial, but 
showed a peaked response: growth increased up to 28.3°C and decreased thereafter. The 
indirect effect of temperature via water limitation was also large. We found that water 
limitation resulted in lower temperature optima for both photosynthesis and growth compared 
to well-watered conditions, and significantly reduced growth rates (approximately by 50%) at 
higher temperatures. Thus, direct effects and indirect effects are both important. Detailed 
physiological measurements enable us to investigate the mechanisms underlying these 
responses.  
5.5.1 Photosynthesis 
Our results showed lower temperature optima for photosynthesis when plants are 
grown under constant water inputs instead of water inputs that increased to match plant 
demand. We observed a more pronounced decrease in both leaf pre-dawn and mid-day water 
potential with increasing Tgrowth under constant water inputs compared to the well-watered 
condition. Stomatal conductance was also low at high Tgrowth under constant water inputs. 
Further, transpiration rate of Wconst plants was significantly lower than the Wincr at higher 
growth temperatures. The ratio of CO2 concentration inside the leaf air spaces relative to the 
atmosphere (Ci:Ca) was significantly lower under constant water inputs. The likely 
mechanisms suggested stomatal limitation of photosynthesis under constant water input 
conditions (Drake et al., 2017a, Reich et al., 2018).  Additionally, leaf temperature of Wconst 
plants was significantly higher compared to the well-watered plants at higher growth 
temperatures. Hence, it is likely that the decrease in net photosynthesis of Wconst plants at 
higher growth temperatures partly driven by the non-stomatal limitations of photosynthesis 
(Lawlor &  Cornic, 2002, Lin et al., 2012). Several studies provide evidence for decrease in 
photosynthetic capacities; the maximum rate of carboxylation by the enzyme Rubisco (Vcmax) 
and the potential electron transport rate (Jmax) under constrained soil moisture conditions (Xu 
&  Baldocchi, 2003). compared to Wincr. In moist soils, plants show increases in net 
photosynthetic rate within a broader growth temperature domain because of increasing 
carboxylation capacity with temperature (Drake et al., 2017b, Gunderson et al., 2009). Also, 
due to the increased demand for carbon due to higher growth rates (Körner, 2003). However, 
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under low soil moisture conditions, increased stomatal limitation eliminated most of the 
potential beneficial effects of increasing temperature on photosynthesis. Additionally, plant 
growth rate is lower under constrained soil moisture, therefore the demand for C is less.   
Collectively, we suggest, from several lines of evidence, that a combination of both 
decreased photosynthetic capacity and stomatal conductance drove the observed lower 
photosynthetic rates and the lower temperature optima for photosynthesis (Lin et al., 2012) 
when plants are grown under constant water inputs.  A number of studies report reduced 
photosynthesis in response to warming under constrained water inputs (Duan et al., 2013, 
Duan et al., 2014, Wertin et al., 2012). However, the responses observed in these studies 
cannot be directly compared with our results as the direction of the warming effects depends 
on the reference growth temperature used in the study, as well as the nature of water 
limitation. In our unique design, the severity of water limitation increased with increasing 
temperature, since the amount of water added was held constant across growth temperatures. 
In many of the previous studies, the interactive effects of warming and soil water availability 
on plant growth has been studied in factorial experiments by either withholding water until 
plant death (Adams et al., 2009, Duan et al., 2013, Duan et al., 2014) or by adding a pre-
determined and reduced amount of water (Gauthier et al., 2014). Nevertheless, the observed 
photosynthetic responses in this study are strongly supported by the results of a recent field-
based direct air and soil warming experiment (Reich et al., 2018) where they demonstrated 
that the photosynthetic enhancement that results from experimental warming depend on soil 
moisture status.  Several other studies provided evidence for negative growth responses to 
temperature due to low soil moisture status (Lazarus et al., 2018, Moyes et al., 2013, Walker 
&  Johnstone, 2014, Wertin et al., 2012, Wertin. et al., 2010). However, it is rare for the 
direct and indirect effects of warming to be separated in field based experiments.  
The temperature optimum for photosynthesis observed under well-watered conditions 
in this experiment was comparable with the values reported for tropical Eucalyptus species 
reported in chapter 2. Further, we recognize that soil moisture, stomatal conductance and 
plant water potential effects may have contributed, in part, to the temperature dependencies 
discussed in chapter 2 specially in trees measured in their natural environments.  
 Our data showed a larger impact of water limitation on growth than on leaf net 
photosynthesis at higher temperatures. At growth temperatures above the optimum, 
photosynthesis decreased approximately by 30%, but the final dry mass decreased by nearly 
50%. Further, the temperature optimum for growth decreased by 3°C under constant water 
inputs, but the optimum temperature for photosynthesis decreased only by 1.5°C. Several 
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studies provide evidence for the maintenance of photosynthesis under water deficit (Bogeat-
Triboulot et al., 2007, Quick et al., 1992). Collectively, these results suggested that growth is 
more sensitive to water limitation than photosynthesis (Müller et al., 2011) and leaf net 
photosynthesis alone insufficient to explain the reduction in growth (Campany et al., 2017) in 
response to warming under constrained water inputs. 
 
5.5.2 Respiration 
We found that leaf respiration rates (at a set temperature 25 °C; RL25) diverged with 
plant water availability at higher growth temperatures. The observed decrease in RL25 due to 
water limitation was consistent with findings for other plant species including eucalypts 
(Ayub et al., 2011, Callister &  Adams, 2006, Crous et al., 2012, Crous et al., 2011, Galmés 
et al., 2007, Huang &  Fu, 2000) which reported a decrease in leaf respiration during water 
stress. At growth temperatures below 28°C, RL25 were not significantly different between the 
two watering treatments, likely because the indirect effect of temperature on water 
availability is smaller at these temperatures. The decrease in leaf respiration rates under 
drought conditions could be due to decreased substrate availability, or decreased demand for 
ATP and other respiratory products such as NADH, TCA cycle intermediates (Atkin &  
Macherel, 2009, Crous et al., 2011). Previous studies with tree species suggest that soil 
moisture-induced decreases in leaf respiration rates are more likely to be due to decreases in 
the demand for respiratory products, rather than a decrease in substrate supply for respiration 
(Ayub et al., 2011, Crous et al., 2011). Duan et al. (2014) also showed relatively stable 
whole-plant non-structural carbohydrate concentration in response to warming under drought 
conditions. Hence, we suggest that the observed decline in leaf respiration rates due to 
constant water inputs in this study could potentially be explained by the reduced demand for 
respiratory products through decreased leaf growth rates.   
Remarkably, stem and root respiration rates did not differ between the two watering 
treatments. Studies on how stem and root respiration are affected by warming under 
differential water regimes are uncommon in past literature. Several studies report decreased 
root respiration rates in response to decreased soil moisture (Bryla et al., 2001, Burton et al., 
1998, Huang &  Fu, 2000, Jarvi &  Burton, 2018) but others suggest that root respiration is 
not significantly affected by interaction effect of warming and reduced water availability 
(Bryla et al., 1997). However, such comparisons are rare for stem respiration. The lack of 
change in stem and root respiration rates under constrained water inputs could potentially be 
127 
 
explained by the level of stem and root activity during the seedling growth. In reduced soil 
moisture conditions, the activity of plant roots is increased in order to extract water, therefore 
the root energy requirement would increase under water limited conditions, which could be 
achieved through maintaining the root respiration rates. Similarly, plants have to maintain 
water transport from roots to canopy to compensate for the increasing transpiration demand, 
therefore the energy demand for stem activity would continue to be high, maintaining 
relatively stable stem tissue respiration rates (Lambers et al., 2008). 
Our results were comparable with previous studies which reported similar acclimation 
responses of leaf respiration rates to experimental warming under well-watered conditions 
(Aspinwall et al., 2016, Drake et al., 2016). The lack of temperature acclimation of 
respiration at growth temperatures exceeding 25 °C indicates increased whole plant 
respiration above 25 °C, indicating increased maintenance costs at higher temperatures.  
Remarkably, these temperature acclimation responses were similar between two watering 
treatments. The lack of homeostasis in whole plant respiration partly explains the reduction in 
growth above the optimum in well-watered conditions. However, it does not explain why the 
growth is so strongly impacted by the water treatment, as our data showed a decrease in 
whole plant growth above the optimum under constrained water inputs.  
 
5.5.3 Allocation patterns and growth 
Why is growth so substantially affected under constrained water inputs when 
photosynthesis is less affected and whole plant respiration decreases? Our results indicate that 
incremental warming of growth temperatures under constant water inputs and thus decreasing 
plant water availability does not alter the proportion of plant biomass allocation to leaves 
compared to well-watered controls. However, water limitation reduces the total leaf area 
display of trees by decreasing the total number of leaves produced and reducing their average 
size. Also, SLA was significantly lower under constant water inputs compared to the well-
watered treatment, indicating a reduced amount of photosynthesizing surface area per unit 
leaf dry mass. Ghannoum et al. (2010a) reported decreased leaf size due to a direct effect of 
increasing temperature, but under well-watered conditions. Cunningham and Read (2003) 
suggested that growth largely depends on the dry matter allocation to the plant’s productive 
and supportive tissues; hence, maximum growth is achieved when the allocation to 
photosynthetic tissues is maximized. Supporting this hypothesis, Xiong et al., (2000) reported 
increased growth in response to temperature in two Antarctic vascular plant species, and 
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found that greater growth rates were achieved through greater dry mass allocation to leaves. 
Decreases in SLA in response to water limitation have previously been observed (Marron et 
al., 2003, Nautiyal et al., 2002). Evidence from other studies suggests that the accumulation 
of soluble sugars and phenolic compounds in leaves increases under water stress, which may 
facilitate maintenance of high turgor pressure in leaves (Marron et al., 2002, Marron et al., 
2003). Also, water stress promotes production of thicker cell walls as a strategy to improve 
cell resistance to collapse and elicit changes in tissue elasticity (Laureano et al., 2008, 
Niinemets, 2001). Such modifications in leaf structure ultimately decrease the amount of leaf 
area display for photosynthesis per unit leaf dry mass. We found that temperature optimum 
for final harvest plant mass in both the Wconst and Wincr treatments mirrored the temperature 
optima of total plant leaf area, total leaf count and mean leaf size. Taken together, this pattern 
supports the hypothesis that plants maximize their growth rate and biomass accumulation 
when C allocation to leaf area display is maximized. Hence, we suggest that the growth is 
largely affected under constrained water inputs due to the decrease in daily total carbon gain 
via cumulative effect of lower photosynthetic rates and decreased SLA.  
In summary, our results strongly supported our hypothesis that the temperature optima 
for photosynthesis and growth would be significantly decreased by the indirect effect of 
increasing water limitation, when holding water inputs constant along a gradient of increasing 
growth temperature. Our results are consistent with a number of studies that have 
demonstrated low soil moisture may reduce, or even reverse, the potential beneficial effects 
of climate warming on photosynthesis and growth of trees in seasonally cold environments 
(D’Orangeville et al., 2016, D’Orangeville et al., 2018, Reich et al., 2018). We demonstrate 
that decrease in leaf net photosynthesis, changes in biomass allocation patterns, reduced total 
leaf area display and specific leaf area are the key underlying mechanisms by which this 
reduction occurs. Our work highlights the potential importance of the indirect effect of 
warming on water supply to trees even where rainfall is unchanged, and emphasise the need 
to consider this indirect effect in models attempting to predict how forests will fare under 
climate warming in future.   
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5.6 Supporting information for chapter 5 
 
 
Figure 5. S. 1. Mean soil volumetric water content (θ) for the duration of the experiment. 
Legend depicts two treatments; water inputs constant for all temperatures, matching demand 
for coolest grown plants at 18 °C (Wconst) and water inputs increasing with temperature to 





Figure 5. S. 2. Mean plant height (cm) at six growth temperatures; (a) 18°C – (f) 35.5°C. 
Colours depict watering treatments, blue; water inputs constant for all temperatures, 
matching demand for coolest grown plants at 18 °C (Wconst) and red; water inputs increasing 
with temperature to match plant demand at all temperatures (Wincr). Error bars depict ±1SE 
(n = 15). The ticks along the x-axis denote dates where the watering treatments were started 




Figure 5. S. 3. Mean stem basal diameter (mm) at six growth temperatures; (a) 18°C – (f) 
35.5°C. Colours depicts watering treatments, blue; water inputs constant for all 
temperatures, matching demand for coolest grown plants at 18 °C (Wconst) and red; water 
inputs increasing with temperature to match plant demand at all temperatures (Wincr). Error 
bars depict ±1SE (n = 15). The ticks along the x-axis denote dates where the watering 




Figure 5. S. 4. Total plant mass at six growth temperatures; (a) 18°C – (f) 35.5°C. Colours 
depicts watering treatments, blue; water inputs constant for all temperatures, matching 
demand for coolest grown plants at 18 °C (Wconst) and red; water inputs increasing with 
temperature to match plant demand at all temperatures (Wincr). Points depict estimated mean 
plant dry mass using the allometric model (Eqn 1).  The error bars depict ±1SE (n = 15). The 
ticks along the x-axis denote dates where the watering treatments were started (left) and the 




Figure 5. S. 5. Growth temperature response of leaf net photosynthesis at four incident 
photosynthetically active radiation (PAR) levels. Data measured at the mid-day in-situ 
growth temperatures and (a)100 (b) 500 (c) 1000 and (d) 1500 µmol m-2 s-1. Lines depict the 
fitted temperature response function (Eqn 1) and the shaded areas depict the 95% CI of the 
predictions. Filled circles are the measured data and the error bars depict ±1SE (n = 8). 
Legend in panel (a) depicts two treatments; water inputs constant for all temperatures, 
matching demand for coolest grown plants at 18 °C (Wconst) and water inputs increasing with 






Figure 5. S. 6. The difference between leaf temperature and air temperature (inside the Licor 
6400XT leaf cuvette) at mid-day in-situ growth temperatures. Legend depicts two treatments; 
water inputs constant for all temperatures, matching demand for coolest grown plants 
(Wconst) and water inputs increasing with temperature to match plant demand at all 











Temperature plays a central role in tree growth because it affects metabolic rates of 
every physiological process. Understanding and quantifying how tree growth is affected by 
rising temperature is important in predicting the impact of global warming on future 
terrestrial carbon cycling. Tree responses to increasing growth temperatures depend on the 
cumulative effect of temperature on individual physiological processes such as 
photosynthesis, respiration and carbon allocation. In chapters 2 and 3, we identified the key 
mechanisms responsible for photosynthetic temperature responses at leaf level. In chapter 5, 
we disentangled the indirect effect of temperature via increased water limitation from the 
direct effect of temperature on plant growth. However, past literature does not provide clear 
information on how the temperature responses of these individual physiological processes 
determine the overall tree growth. In this experiment, we utilised a data assimilation 
framework to quantify the important mechanisms that determine the temperature response of 
tree seedling growth. The principal questions that we asked were: i) Can we simulate growth 
responses to temperature through the impact of temperature on photosynthesis and 
respiration? And (ii) Can we identify the main physiological processes that best explain the 
temperature response of tree seedlings? We showed that tree growth response to increasing 
temperature was due not only to the direct effects of temperature on photosynthesis and 
respiration and their acclimation to growth temperature, but also the effect of temperature on 
other C balance processes, including non-structural carbohydrate utilisation rate, growth 
respiration and C allocation to different tissues. We demonstrated that the increase in growth 
from suboptimal to optimal temperature is principally due to an increase in specific leaf area 
(SLA), temperature acclimation of respiration, and a change in C allocation pattern. The 
decrease in growth from optimal to supra-optimal temperature is principally due to the short-
term direct effects of temperature and VPD on leaf photosynthesis and tissue respiration, 
temperature acclimation of Vcmax, Jmax and respiration and a change in C allocation. This 
analysis framework overcomes several limitations of classical growth analysis, disentangling 
the relative importance of underlying mechanisms responsible for tree growth. This work 
highlights the potential importance of the non-structural carbohydrate pools in models, and 
emphasises the need to consider temperature-dependent growth respiration rates and C 
allocation patterns in terrestrial biosphere models. These findings should prove useful in 
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quantifying the temperature limits of tree growth and improve the quantification of tree 
growth by terrestrial biosphere models. 
 
6.2 Introduction 
The rate of tree growth is strongly determined by its environment. Tree metabolic 
processes are directly affected by atmospheric CO2 concentration, light, temperature, soil 
water and nutrient availability, where significant changes in these drivers can affect tree 
growth in both positive and negative ways (Lambers et al., 2008). Out of these factors, 
temperature plays a central role because it affects metabolic rates of every physiological 
process (Körner, 2006). Understanding and quantifying how tree growth is affected by rising 
temperature is critically important in predicting the impact of global warming on the 
terrestrial carbon cycle (Kumarathunge et al., 2019, Lombardozzi et al., 2015, Rogers et al., 
2017a, Smith &  Dukes, 2013). 
Temperature directly impacts tree growth by affecting the division, expansion, and 
differentiation of cells (Körner, 2003). For example, low growth temperatures constrain tissue 
formation in cold-adapted higher plants and winter crops (Alvarez-Uria &  Körner, 2007, 
Körner, 2008, Lenz et al., 2013). Several studies have reported increased biomass 
accumulation with increased growth temperature in evergreen trees under favourable soil 
moisture conditions (Callaway et al., 1994, Danby &  Hik., 2007, Ghannoum et al., 2010a, 
Rustad et al., 2001, Saxe et al., 2001). Also, temperature affects tree growth by determining 
the rates of many carbon balance processes, including photosynthesis and respiration (Atkin 
et al., 2015, Berry &  Björkman, 1980). Additionally, temperature can alter the proportional 
biomass allocation among different tissues (Blessing et al., 2015). For example, high 
temperature enhanced leaf initiation and stem elongation, resulting in greater tree leaf area 
and subsequently, greater tree biomass (Drake et al., 2017b, Ghannoum et al., 2010a, Saxe et 
al., 2001). The whole-tree response to increasing growth temperature is complex as it 
depends on the cumulative effect of temperature on all these individual processes (Went, 
1953). Disentangling these effects and identifying the contribution of individual 
physiological processes to the overall tree growth is a significant challenge that must be 
addressed if we are to predict effects of global warming on forest growth.  
Terrestrial biosphere models are the principal tool used to predict the impact of global 
warming on terrestrial vegetation (Mäkelä et al., 2000, Medlyn et al., 2011b). Typically, 
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Terrestrial biosphere models represent tree growth as the difference between C uptake 
through photosynthesis and C loss through respiration and turnover of different tree biomass 
components.  Hence, the temperature response of growth emerging from these models 
depends on the parameterisations used for photosynthesis and respiration. In many models, 
the temperature responses of photosynthesis and respiration are assumed to be static 
(Lombardozzi et al., 2015). However, much of the recent physiological literature suggests 
that both photosynthesis and respiration undergo thermal acclimation (Atkin, 2003, Crous et 
al., 2013, Gunderson et al., 2009, Hikosaka et al., 2006, Way &  Yamori, 2014). Also, it is 
very rarely tested whether tree growth responses to temperature can indeed be simulated 
through the impact of temperature on photosynthesis and respiration, or whether we need to 
include other temperature-dependent processes in models.  
Several lines of evidence suggest that growth responses cannot be predicted from 
photosynthesis responses alone (Campany et al., 2017, Fatichi et al., 2014, Körner, 2003, 
Körner, 2015, Leuzinger et al., 2013), indicating that other carbon balance processes such as 
growth and maintenance respiration, biomass allocation and non-structural carbohydrate 
storage may also be important in determining the temperature response of tree growth 
(Mahmud et al., 2018). However, we lack a quantitative understanding of how these carbon 
balance processes are affected by temperature. It is also unclear how the temperature 
responses of individual processes collectively determine the overall tree growth. Hence, 
further studies are necessary to quantify the underlying physiological mechanisms 
responsible for the effect of warming on tree growth (Medlyn et al., 2011b, Reich et al., 
2018).  
Growth analysis has been widely used to quantify the dependence of tree growth on 
temperature and other environmental factors such as CO2, water and nutrients (Lambers, 
2008). Several schemes have been used to conceptualize growth, but the most common 
approach is the relative growth rate analysis (RGR). RGR is the rate of increase in plant mass 
per unit of plant mass already present, within a given time interval (Evans, 1972). RGR can 
be factorised into several components (Eqn 1);  
RGR = LAR x NAR = SLA x LMR x NAR      Eqn 1 
Where LAR is the leaf area ratio, or amount of leaf area per unit total plant weight; NAR 
is the net assimilation rate (i.e. rate of increase in plant weight per unit leaf area), SLA is 
specific leaf area (i.e. amount of leaf area per unit leaf weight) and LMR is leaf mass ratio (i. 
138 
 
e. the fraction of the total plant biomass allocated to leaves). Several studies have utilised 
RGR and its components to describe the temperature response of tree growth (Ghannoum et 
al., 2010a, Tjoelker et al., 1998). In a recent study, Drake et al. (2017b) showed a peaked 
temperature response of RGR with an optimum temperature of 24 °C for Eucalyptus 
tereticornis seedlings. They further estimated that the temperature dependence of growth was 
determined primarily by SLA, and the resulting impact on LAR. However, classical growth 
analysis often does not readily allow tree growth responses to be linked to the underlying 
observations on tree physiological responses, particularly in the absence of carbon exchange 
rates of plants or plant parts through time.  
In this experiment, we utilised a data assimilation framework (Williams et al., 2005) to 
quantify the contribution of individual mechanisms to the temperature response of tree 
seedling growth. Data assimilation has been increasingly used to analyse plant carbon 
balance processes, including dynamics of non-structural carbon (Richardson et al., 2013), 
seasonal shifts in biomass allocation and respiration in tree species (Rowland et al., 2014) 
and to simulate continental-scale patterns in C cycle processes (Bloom et al., 2016). A recent 
study utilised a data assimilation framework to infer the effects of belowground sink 
limitation on C balance processes of Eucalyptus tereticornis seedlings (Mahmud et al., 2018).  
Here, we apply the approach taken by Mahmud et al., (2018) to an experiment in which 
Eucalyptus tereticornis seedlings were grown at six growth temperatures in a temperature-
controlled glasshouse. We measured rates of physiological processes, including short-term 
temperature responses and thermal acclimation of leaf photosynthesis, tissue-specific 
respiration rates, as well as seedling growth. We used a simple C balance model to 
additionally infer the effects of temperature on carbohydrate utilisation and biomass 
allocation following (Mahmud et al., 2018). We then carried out a sensitivity analysis to 
determine the answers to the following questions: (i) Can we simulate growth responses to 
temperature through the impact of temperature on photosynthesis and respiration alone? and 
(ii) Which physiological processes are most important in determining the overall temperature 




6.3 Materials and methods 
6.3.1 Experimental design 
This experiment was carried out at the Hawkesbury Institute for the Environment, 
Western Sydney University, Richmond NSW, Australia (33°37'S 150°44'E). Seedlings of 
three provenances (tropical, sub-tropical and temperate) of forest red gum (Eucalyptus 
tereticornis sp tereticornis) were transplanted in to 7-L PVC pots filled with a moderately 
fertile sandy loam soil. We did not consider provenance differences (i.e. data pooled) in this 
analysis as a separate analysis using data from this experiment demonstrated that widely 
distributed E. tereticornis provenances share a common physiological thermal niche without 
local adaptation to the climate of origin (Drake et al., 2017b). We randomly placed 30 
seedlings in each of six adjacent naturally sunlit glasshouse rooms on 2016-01-08 (day 0). 
We implemented six daily mean growth temperature treatments, which averaged 18, 21.5, 25, 
28.5, 32 and 32.5 °C. Each temperature treatment consisted of 10 temperature set points with 
an approximately 9 °C diurnal range during the day-night cycle. Seedlings were kept well-
watered using an automated irrigation system and were fertilized fortnightly with a liquid 
fertilizer. We recorded air temperature, VPD, RH and photosynthetically active radiation 
(PAR) in one-minute intervals day and night and monitored conditions frequently to maintain 
the desired control levels. Relative humidity was kept above 50%, but vapour pressure deficit 
(VPD) increased with growth temperature (~0.5 kPa at 18 °C and ~2 kPa at 35.5 °C). A 
detailed description of the experimental design can be found in Drake et al. (2017).  
 
6.3.2 Carbon balance model (CBM) 
We used a simple carbon balance model (Figure 6.1) in this study following (Mahmud 
et al., 2018). The model is driven by daily gross primary production (GPP) inputs. The daily 
total respiration is subtracted from GPP and the remaining C enters a non-structural C pool 
(Cn). C stored in the Cn pool is utilised for growth at a rate k. A fraction of the remaining C is 
allocated to structural C pools in leaves (Cs,f), wood (Cs,w) and roots (Cs,r). The fraction Y is 
the unmeasured C losses by the plant which includes fluxes such as growth respiration, root 
exudation and volatile organic carbon emission. We did not consider turnover of leaves, 
wood or roots as the total duration of this experiment was short (~48 days).  We quantified 
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where GPP is the gross primary production (gC plant-1 d-1), Rm is the measured respiration 
rate (gC g-1C d-1), Ct,f, Ct,w, and Ct,r are the total C in foliage, wood and root respectively (g C 
plant-1), k is the storage utilization coefficient (g C g-1 C d-1); Y is the fraction of the 




Figure 6.1. Structure of the Carbon Balance Model used in this study. Arrows depict the 
carbon fluxes: GPP, gross primary production; Rm,tot, total measured respiration; Rg,  
unmeasured C losses. Boxes depict the carbon pools: Cn, non-structural storage C; Cs,f, 
structural C in foliage; Cs,r, structural C in roots; Cs,w, structural C in wood. Fluxes are 
governed by five key parameters: k, storage utilization coefficient; Y, unmeasured C losses by 
the plant; af, allocation to foliage; aw, allocation to wood; ar, allocation to roots. 
 We used data assimilation to estimate the parameters of the carbon balance model (k, 
Y, af, aw, ar). Daily total GPP and Rm were inputs to the data assimilation framework, and the 
measurements of total C mass of each of the plant components were used to constrain the 
parameter values. Our data assimilation approach used the Metropolis algorithm as 
implemented by Zobitz et al. (2011).  All parameters were represented as a linear function of 
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time, t. A detailed description of the methods of the data assimilation framework is given by 
Mahmud et al. (2018).  
We used broad prior probability density functions for k, af, aw and ar (Table 5.1). We 
constrained the probability density function of the parameter Y, based on the literature on 
growth respiration (Villar &  Merino, 2001). We accounted for the uncertainty in data 
assimilation outputs by considering standard errors of input variables; GPP, Rm and C mass 
of each of the plant components and foliage. 
We tested the importance of a non-structural C storage pool in the carbon balance 
model by comparing the full model with a simplified model without the non-structural C 
pool. We performed data assimilation with both models and the model performance was 
compared using the Bayesian Information Criterion (BIC; Schwarz, 1978). 
  
Table 6.1. Prior parameter probability density functions and their starting values.  
Parameter Minimum Maximum Starting Value 
k 0 1 0.5 
Y 0.2 0.4 0.3 
af 0 1 0.5 
aw 0 1 0.5 
ar = 1- (af + aw) 
 
Growth and physiology measurements 
We measured height of the main stem and basal diameter of 15 seedlings per growth 
temperature at approximately weekly intervals. We used growth-temperature specific 
allometric models to estimate leaf area and total C in leaf, wood and root pools on a weekly 
time-step from the measured stem height and diameter. The allometric models were 
developed using seedlings which were periodically harvested throughout the study (n=156). 
The allometric models were of the form: 
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The allometric models predicted the observed leaf area and component masses with 
high accuracy (r2 > 0.95 for all growth temperature treatments). We measured specific leaf 
area (SLA) by collecting three or four leaf punches (0.69 cm2; avoiding the midvein) from 




We measured leaf net photosynthetic rate (Anet) midway through the experiment (26 
days after planting) and prior to the final harvest (44 days after planting). Measurements were 
made on new fully expanded leaves on eight replicate seedlings in each growth temperature 
treatment. We used six Licor 6400XT portable photosynthesis systems (Licor Biosciences, 
Lincoln, NE, USA), with the standard 2×3 cm leaf chamber and LED light source (Li-6400-
02B LED). Measurements were conducted at four different photosynthetic photon flux 
densities (PPFD); 1500, 1000, 500 and 100 µmol m-2 s-1. The relative humidity inside the leaf 
chamber was maintained between 60 – 80%. The sample CO2 concentration was held at 
400±5 ppm and flow rate at 500 µmol s-1. We measured Anet at a leaf temperature similar to 
the mid-morning growth temperature (20, 24, 28, 32, 36, and 40 °C respectively). We also 
measured the direct short-term temperature response of light-saturated photosynthesis (Asat) 
on day 29 after planting using seedlings from the 21.5 °C growth temperature treatment only 
(n = 8). Seedlings were moved among treatment rooms and measured at all six temperatures. 
A minimum wait period of 20 min allowed the seedlings to adjust to the new temperature 
before measurement. These data were published, in part, in Drake et al., (2017b).  
We measured photosynthetic CO2 response curves (A/Ci curves) on a random subset 
of seedlings (n = 6) of three growth temperature treatments (18, 28.5 and 35.5 °C) prior to 
final harvest (40 – 44 days after planting). Measurements were started at ambient CO2 level 
(400 µmol mol-1) and changed stepwise through a series of sub-ambient (40-400 µmol mol-1) 
to super-ambient saturating CO2 concentrations (400-2000 µmol mol-1). We repeated the 
same measurement protocol on the same leaf at five different leaf temperatures. 
We measured the short-term temperature response of leaf dark respiration at night 
(22:00-02:00 h), 35 or 36 days after planting, using seedlings from the 21.5 °C growth 
temperature treatment only. These measurements were conducted at five night-time 
temperatures (14, 18, 22, 26, and 30 °C) using five Li-6400-XT machines equipped with 
conifer chambers (Li-6400-22; Licor). Measurements were made on detached leaves (n=8). 
Leaves were placed in moist polythene bags, and moved among treatment rooms for 
measurement. Each leaf was allowed to adjust to each growth temperature for at least 20 min 
in a darkened box before measurements commenced. These data were published in Drake et 
al., (2017b). 
We also measured leaf, stem and root respiration rates for five seedlings at each 
growth temperature (i.e. long-term temperature response) during the final harvest (44-48 days 
after planting). We measured leaf respiration rates using three randomly selected leaves, 
combined in a single cuvette for measurement, for each of the replicate seedlings. We used 
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the entire stem with branches cut into 5 cm segments to measure stem respiration rates. We 
used entire root system or subsample, depending on root mass, to measure root respiration 
rates. All tissue-specific respiration rates were measured at a common temperature of 25 ± 
1.5 °C and a reference cell CO2 concentration of 400±5 ppm, using Licor 6400XT portable 
photosynthesis systems with the Li-6400-22 conifer chamber. A detailed description of this 
measurement protocol and resulting data can be found in (Drake et al., 2017b).  
 
6.3.3 Parameterising photosynthesis and respiration 
Following Campany et al., (2017), we used a coupled photosynthesis-stomatal 
conductance model to quantify daily GPP of seedlings at each growth temperature.  The 
standard biochemical model of photosynthesis (Farquhar et al., 1980) was coupled to the 
optimal stomatal conductance model proposed by Medlyn et al. (2011a). The model utilised 
photosynthetic parameters and meteorological data measured at each growth temperature 
treatment. We quantified the photosynthetic parameters using the gas exchange data as 
described below.  
We estimated plant photosynthetic capacity by fitting the A/Ci curves using the 
Farquhar et al. (1980) (FvCB) biochemical model of photosynthesis. We used the fitacis 
function within the plantecophys R package (Duursma 2015) in R version 3.5.1 (R 
Development Core Team, 2018) to estimate the key parameters of the FvCB model: the 
maximum rate of ribulose-1,5-bisphosphate carboxylase-oxygenase (Rubisco) activity (Vcmax) 
and the potential rate of electron transport (Jmax). We assumed the Bernacchi et al. (2001) 
kinetic constants for the temperature response of Michaelis–Menten coefficients of Rubisco 
activity and CO2 compensation point in the absence of mitochondrial respiration.  
We utilized the leaf net photosynthesis measurements measured at in-situ growth 
temperatures to estimate the stomatal conductance model parameter (g1) following Medlyn et 
al. (2011). We quantified the temperature response parameters of Vcmax and Jmax following 
Kumarathunge et al. (2018b). As the temperature response parameters of Vcmax and Jmax; Ea 
and ∆S were estimated only for three growth temperatures; 18, 28.5 and 35.5 °C, we assumed 
same Ea and ∆S for growth temperatures 18 and 21.5°C, 25 and 28.5°C, 32 and 35.5 °C 
respectively. We used non-linear regression to simultaneously estimate the parameters of the 
coupled photosynthesis-stomatal conductance model; Vcmax and Jmax at standard temperature 
of 25 °C, quantum yield of electron transport (𝛷𝛷) and the curvature of the light response of 
electron transport rate (θ) from Anet measurement at two time points (26 and 48 days after 
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planting) at different PAR levels for all growth temperature treatments using the estimated g1 
values, Ea, ∆S and measurement leaf temperature, VPD and CO2 concentration as inputs. This 
approach optimised the model parameters to the measured Anet data and returned the best 
fitted parameter values. 
 
6.3.4 Estimation of GPP 
The daily total GPP of seedlings was calculated using the Eqn 7.  
( )∑ ××= σLAAGPP mod         Eqn 7 
where, Amod is the modelled leaf net photosynthesis rate, LA is total seedling leaf area and σ 
is the self-shading factor. 
We estimated leaf net photosynthesis rates (Amod) for each growth temperature 
treatment at 15-minute intervals by driving the leaf gas exchange model (Photosyn function 
within plantecophys R package) with measured meteorological data, namely PAR, air 
temperature and vapour pressure deficit (VPD) in the glasshouse. We scaled these leaf-level 
values to the whole plant by multiplying by plant leaf area and a self-shading factor, 
following Campany et al. (2017). We estimated the self-shading parameter for each growth 
temperature treatment by using 61 pre-digitized Eucalyptus seedlings from Duursma et al. 
(2012). This approach utilised a 3D plant structure built using digitized plant allometry and 
crown structure metrics and the same photosynthetic parameters listed above, to predict Anet 
using total seedling leaf area. The self-shading factor for each temperature treatment was 
calculated as the ratio of total Anet with self-shading to a horizontal leaf. We then developed a 
simple linear regression model to estimate self-shading factor as a function of seedling total 
leaf area using the data from the 61 digitised seedlings. The self-shading factor, σ for each 
growth temperature treatment was predicted for each day using the current leaf area 
(Campany et al., 2017). The daily total GPP for each plant was then calculated by converting 
estimated photosynthetic rates to mass C gain over 15-min time steps and summing for 24 h. 
 
6.3.5 Estimation of respiration (Rm) 
We estimated tissue-specific Rm for each growth temperature treatment at 15-minute 
intervals. We used the measured tissue-specific respiration rates at a common temperature of 
25 °C to estimate total seedling respiration in each growth temperature assuming all tissues 









T QRR          Eqn 8 
where RT is the tissue specific rate of Rm at temperature T, R25 is the rate of Rm at a reference 
temperature of 25 °C, and Q10 is the multiplicative rate of increase in Rm for every 10 °C 
change in temperature. The daily Rm for each plant was then calculated by converting 
estimated total leaf, wood and root Rm to mass C gain over 15-min time steps and summing 
for 24 h.  
 
6.3.6 Sensitivity analysis 
We performed an extensive sensitivity analysis to quantify how individual processes 
contribute to overall plant growth by varying a single process at a time. In this analysis, we 
calculated the daily total GPP using the modelled leaf area to account for leaf area feedback 
through its effect on foliage mass, and consequently GPP, over time (Mahmud et al., 2018).  
Firstly, we ran the carbon balance model with the inputs and modelled parameters 
from the lowest growth temperature (18 °C), then changed the parameters to those for the 
optimum temperature for seedling growth in this experiment (28.5 °C) (Drake et al., 2017b) 
one at a time to quantify the effect of each parameter on the response to increasing 
temperature from below optimum to the optimum. Next, we repeated the same procedure 
with the inputs and modelled parameters from the optimum temperature for growth (28.5 °C) 
to the highest growth temperature (35.5 °C) to quantify the effect of each parameter on the 
final seedling biomass at growth temperatures above the optimum. The parameters 








6.4.1 Short-term and long-term effects of temperature on physiological processes 
The short-term temperature dependence of leaf-level photosynthesis at saturating light 
(Asat) showed a peaked relationship with leaf temperature (Figure 6.2a). The optimum 
temperature for Asat (ToptA) was 29.1 (±0.23) °C. Compared to the short-term temperature 
response, the long-term temperature response showed a slightly lower ToptA (27.7 °C). The 
Asat at the optimum was higher for the short-term response (27.2 µmol m-2 s-1) compared to 
the long-term response (23.1 µmol m-2 s-1).  
Leaf dark respiration showed an exponential increase with short-term changes in leaf 
temperature, with a Q10 of 2.1 (Figure 6.2b). Leaf dark respiration rates at in-situ growth 
temperatures (i.e. long term temperature response) showed clear acclimation to temperature. 
Rather than increasing exponentially with temperature, the tissue specific respiration rates did 
not vary between 18 and 25 °C. At growth temperatures above 25 °C, both leaf and root 
respiration rates increased. However, at growth temperatures above 25 °C, leaf respiration 
rate markedly increased, indicating a lack of homeostasis (Figure 6.2b).  Notably, acclimation 
of wood respiration appeared to be homeostatic across the full range of growth temperatures 
(Figure 6.3a). Similar to leaves, the long-term temperature response of root dark respiration 
rate showed a homeostatic acclimation at low to mid growth temperatures (18-25 °C; Figure 
6.3b).  
Process Attribution class Parameters or variable 
Baseline parameter setting 0 Baseline parameter setting of 
either 18 °C or 28.5 °C 
Short term temperature 
response 
1 VPD 
 2 Temperature 
GPP 3 Specific leaf area (SLA) 
4 Vcmax and Jmax 
5 Ea and ∆S 
6 g1 
7 α and θ  
Measured respiration 8 Rf + Rw + Rr 
Biomass allocation 9 af + aw + ar 
 Unmeasured losses  10 Y 





Figure 6.2. The instantaneous temperature response of leaf photosynthesis (a) and leaf dark 
respiration (b) of Eucalyptus tereticornis. Filled circles and continuous lines depict the short-
term temperature responses and empty circles with dashed lines depict the long-term 
temperature responses (where Tleaf =Tgrowth). Error bars (where visible) depict ±1SE (n = 8 





Figure 6.3. Tissue-specific respiration rates of wood (a) and roots (b) of Eucalyptus 
tereticornis seedlings measured at growth temperatures. Wood and root respiration rates 
were expressed per unit mass. Error bars depict ±1SE.  
 
The instantaneous temperature responses of both Vcmax and Jmax showed a peaked 
pattern with leaf temperature (Figure 6.4a).  The short-term temperature responses of both 
Vcmax and Jmax clearly diverged between growth temperatures, indicating longer-term 
temperature acclimation. The optimum temperatures of both Vcmax and Jmax were increased 
with increasing growth temperature. The optimal temperature at the highest growth 
temperature was 1.5 °C higher than the optimum temperature at the lowest growth 
temperature. For Jmax, this difference was 2.2 °C. The basal rates of both Vcmax and Jmax 
decreased significantly with increasing growth temperatures (Figure 6.4a,b). Further, the 
activation energies of both Vcmax and Jmax were lower at low growth temperatures compared 







Figure 6.4. Photosynthetic capacities; Vcmax and Jmax showed strong acclimation to growth 
temperature. Figure shows temperature responses of (a) maximum rate of ribulose-1,5-
bisphosphate carboxylase-oxygenase (Rubisco) activity (Vcmax) and (b) potential rate of 
electron transport (Jmax) measured at three different growth temperatures. Points depict the 
mean (±1SE, n = 5), lines depict functions fit to the data.  Filled circles and continuous line 
depict the short-term temperature responses and empty circles with dashed lines depict the 
long-term temperature responses. Error bars (where visible) depict ±1SE (n=5) 
 
Other physiological parameters also showed acclimation to growth temperature (Table 
6.3). The stomatal conductance parameter (g1) showed an increasing trend with growth 
temperature (Table 6.3). The lowest g1 value (5.5 kPa0.5) was observed at 18 °C and the 
highest (29.0 kPa0.5) was observed at 35.5 °C. We observed a peaked response for the 
quantum yield of electron transport where the highest value observed at 28.5 °C (Table 6.3).  
Our data showed that the measured light saturated net photosynthesis rates and 
estimated Vcmax and Jmax (at a standard temperature of 25 °C) at two time points (26 and 48 
days after planting) declined with time at growth temperatures above 18 °C (Figure 6.S1). At 
18 °C, Asat increased with time. Hence, we varied both parameters temporally by assuming 
both basal rates of Vcmax and Jmax declined linearly between the two measurement times. We 
further assumed that Vcmax and Jmax did not vary between 1 and 26 days after planting (Figure 
6.S2). All other parameters (i.e. g1, α, θ, Q10, Ea and ∆S) and tissue-specific respiration rates 
were fixed over time (Table 6.3).  
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Dark respiration rates at 25 °C (nmol g-1 s-1) 
g1 (kPa0.5) 
Ea (kJ mol-1)* ∆S (J mol-1K-1)*  𝛷𝛷 
(mol mol-1) θ (unitless) Leaves  Wood Roots Vcmax Jmax Vcmax Jmax 
18.0 27.6 ( 2.4 ) 24.6 ( 1.8 ) 23.6 ( 2.1 ) 5.5 (0.9) 58.9 (8.5) 42.7 (8.4) 629.3 (3.9) 631.3 (3.7) 0.32 (0.05) 0.2 (0.4) 
21.5 21.6 ( 1.4 ) 20.5 ( 1.5 ) 17.7 ( 1.2 ) 10.7 (0.9) 58.9 (8.5) 42.7 (8.4) 629.3 (3.9) 631.3 (3.7) 0.33 (0.06) 0.6 (0.2) 
25.0 15.4 ( 1.1 ) 11.7 ( 1.6 ) 11.9 ( 0.4 ) 10.8 (0.7) 57.7 (5.3) 32.7 (3.4) 628.8 (2.6) 625.0 (2.5) 0.35 (0.07) 0.4 (0.4) 
28.5 14.8 ( 1.1 ) 13.5 ( 2.3 ) 11.7 ( 0.9 ) 10.0 (1.7) 57.7 (5.3) 32.7 (3.4) 628.8 (2.6) 625.0 (2.5) 0.38 (0.09) 0.4 (0.5) 
32.0 15.3 ( 0.9 ) 9.9 ( 0.4 ) 12.2 ( 0.7 ) 18.2 (1.0) 82.5 (13.5) 51.0 (8.8) 632.5 (4.3) 630.9 (3.7) 0.32 (0.06) 0.6 (0.3) 
35.5 13.6 ( 0.7 ) 8.4 ( 0.5 ) 12 ( 1 ) 29.0 (4.6) 82.5 (13.5) 51.0 (8.8) 632.5 (4.3) 630.9 (3.7) 0.27 (0.04) 0.7 (0.1) 
*Both Ea and ∆S were estimated only for three growth temperatures; 18, 28.5 and 35.5 °C. We assumed same Ea and ∆S for growth temperatures 18 and 
21.5 °C, 25 and 28.5 °C, 32 and 35.5 °C 
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6.4.2 Daily carbon gain 
Modelled daily photosynthetic rate (GPP; gC m-2 d-1) diverged between temperature 
treatments soon after the start of the experiment (Figure 6.5a). GPP was lower at the highest 
growth temperature throughout the experiment (Figure 6.5a) compared to the other 
temperature treatments. Highest GPP were observed for seedlings grown at intermediate 
growth temperatures, 21.5 and 28.5 °C, up to 6 weeks after the start of the experiment. By the 
time of the final harvest, GPP was highest at the coolest growth temperature (18 °C) and 
lowest at the warmest growth temperature (35.5 °C).  
As leaf area increased over time, the daily total gross primary productivity (GPPtotal) 
showed an exponential increase with time (Figure 6.5b). At the beginning of the experiment, 
the lowest GPPtotal was estimated for seedlings at 18 °C while the highest was for seedlings at 




Figure 6.5. Time series of the carbon fluxes at six growth temperatures (Tgrowth): (a) modelled 
daily photosynthetic rate per unit leaf area, (b) daily total GPP and (c) daily total respiration 
(Rm). Major ticks on the x-axis reflect weeks. 
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6.4.3 Daily respiration (Rm) 
Similar to GPPtotal, Rm showed an exponential increase with time. Daily total Rm was 
highest for the seedlings grown at 28.5 °C and lowest for those grown at 18 °C. The largest 
contribution to whole-plant respiration rates came from leaves, reflecting the fact that they 
formed the largest biomass pool (Figure 6.S3).  
 
6.4.4 Carbon stock dynamics 
Figure 6.6 shows the temporal variation of the modelled carbon pools.  The carbon 
balance model was able to reproduce the tissue-specific biomass growth over time in 
response to growth temperature treatment. Most of the predicted biomass values were within 
one standard error of the measurements. Leaf, wood and root mass diverged between the 
growth temperature treatments approximately two weeks after the start of the experiment. 
Both the lowest (18 °C) and the highest (35.5 °C) growth temperatures showed significantly 
lower leaf mass compared to the other growth temperatures (Figure 6.6a). At the end of the 
experiment, wood mass of 18 °C-grown seedlings was significantly lower compared to the 
other treatments (Figure 6.6b) while the highest wood mass was found at 28.5 °C. Similar to 
leaf mass, both the lowest (18 °C) and the highest (35.5 °C) growth temperatures showed 
significantly lower root mass compared to the other growth temperatures (Figure 6.6c). The 
modelled total non-structural carbohydrate pool (gC plant-1) differed among growth 
temperature treatments; a lower non-structural carbohydrate poolwas inferred for both the 
lowest (18 °C) and the highest (35.5 °C) growth temperatures compared to the other growth 






Figure 6.6. The carbon balance model accurately reproduce the tissue-specific biomass 
growth over time. Figure shows time-series of modelled C stocks (lines) at six growth 
temperatures (Tgrowth) with corresponding measured data (filled circles): (a) total C mass in 
foliage, (b) total C mass in wood, (c) total C mass in root and (d) total C mass in foliage non-
structural carbohydrate Cn,f. Error bars depict 1SE. Major ticks on the x-axis reflect weeks. 
 
6.4.5 Parameters of the carbon balance model 
We observed clear growth temperature effects on all five fitted parameters of the 
carbon balance model (Figure 6.7). When averaged across time, both the utilization 
coefficient (k) and unmeasured C losses by the plant (i.e. growth respiration, root exudates, 
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volatile organic carbon emission; Y) showed a peaked response, with the maximum rates 
being estimated at intermediate growth temperatures (21.5 – 28.5 °C; Figure 6.7a, b). The 
inferred non-structural carbohydrate utilisation rate showed a decreasing trend as the 
experiment progressed (Figure 6.S4a). The rate of the decline in k with time was larger at 
both the coldest and warmer growth temperatures compared to the intermediate growth 
temperatures, causing a build-up of C storage towards the end of the experiment particularly 
at higher growth temperatures (Figure 6.S4a). In contrast to k, Y did not vary significantly 
over time (Figure 6.S4b).  
The data assimilation process showed a clear divergence in biomass allocation to 
different tissues at different growth temperatures and over time. Initially, the fractional 
biomass allocation to foliage (af) was highest at 28.5 °C (0.7) compared to the mean af at 
other growth temperatures (0.5, Figure 6.S4c). However, af  decreased with time at 
temperatures above 25 °C in contrast to the increasing trend observed at 18 and 21.5 °C 
growth temperatures. At the end of the experiment, af  was significantly higher at 18 °C (0.5) 
compared to the mean af at other growth temperatures (0.4). When averaged across the 
experimental period, af   showed a peaked response with growth temperature, where the 
maximum rate was observed at 25 – 28.5°C (Figure 6.7c).  
Allocation to wood (aw) showed a clear increasing trend with growth temperature 
(Figure 4d) and showed an increasing trend with time (Figure 6.S4d). In contrast to aw, the 
fraction of biomass allocated to roots (ar) showed a decreasing trend with increasing growth 
temperature (Figure 6.7e). ar was significantly higher at the lowest growth temperature 
during the initial growth period (Figure 6.S4e). Over time, ar decreased at 18 – 25 °C growth 
temperatures while a slight increasing trend was observed at temperatures above 25°C.  
 




Figure 6.7. Temperature response of the parameters of carbon balance model: (a) storage 
utilization coefficient, k; (b) growth respiration fraction, Y; (c) allocation to foliage, af; (d) 
allocation to wood, aw; (e) allocation to roots, ar. Lines depicts the fitted generalized additive 




6.4.6 Importance of non-structural carbohydrate pool 
Table 6.4 shows the BIC statistic for model fits with and without the non-structural 
carbohydrate storage pool in the carbon balance model. For all growth temperature 
treatments, BIC values were consistently lower for the model including the storage pool 
compared to the model without it. This demonstrates the importance of including an non-
structural carbohydrate storage pool in the carbon balance model to correctly represent the 
observed experimental data.  
 





Model without storage pool Model with storage pool 
18.0 345 45 
21.5 1258 157 
25.0 2047 94 
28.5 2042 132 
32.0 2186 135 
35.5 1264 139 
Total BIC 9142 702 
 
 
6.4.7 Sensitivity analysis 
We have shown that growth temperature affected seedling growth via a range of 
processes, including short and long-term effects on photosynthesis and respiration, as well as 
changes in the non-structural carbohydrate utilization rate, growth respiration, and C 
allocation to foliage, wood and root pools. We quantified the contribution of each of these 
process responses separately by running the carbon balance model with parameter inputs 
changing one at a time. We investigated the change in biomass between i) the lowest growth 
temperature (18 °C) and the optimum temperature for growth (28.5 °C), and ii) between the 
optimum temperature for growth and the highest growth temperature (35.5 °C).  
Figure 6.8a shows how modelled total seedling biomass (Mf + Mw + Mr) is affected by 
each individual process when growth temperature is increased from low (18 °C) to optimal 
(28.5 °C), while 6.8b shows how modelled total seedling biomass is affected by each 
individual process when growth temperature is increased from optimal (28.5 °C) to supra-
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optimal (35.5 °C).  The short term direct effects of temperature and VPD on leaf 
photosynthesis and tissue respiration had marginal impact on biomass growth. Total biomass 
was decreased by ~8% due to the effect of increasing VPD on stomatal conductance, but the 
direct effect of increasing temperature on photosynthesis and respiration was a small positive 
impact on growth, with the total biomass being increased by 14%, indicating that the positive 
impact on photosynthesis outweighed the negative effect of increased respiration. As the 
direct effects of temperature and VPD counterbalanced each other, the combined effect of 
VPD and temperature was small (Figure 6.8a) when going from suboptimal to optimal 
growth temperatures. However, the direct effects were large when going from optimal to 
supra-optimal growth temperatures: the combined effect of increased VPD and temperature 
was a large reduction in final total mass, from 8.7 gC (at 28 °C) to 3.7 gC (at 35.5 °C).  
Specific leaf area (SLA) varied significantly across treatments (Figure 6.S5), 
increasing consistently with temperature up to 28.5 °C. The increase in SLA allowed an 
increase in leaf area for a given leaf mass, resulting in increased carbon uptake and growth. 
Consequently, the change in SLA had a sizeable impact in our sensitivity analysis, increasing 
final total biomass between sub-optimal and optimal temperature by 2.8 g (Figure 6.8a) and 
between optimal and supra-optimal temperature by 6.6 g (Figure 6.8b).  
Temperature acclimation of the photosynthetic biochemical parameters, Vcmax25 and 
Jmax25 had a sizeable negative effect on growth, with the final total biomass decreasing by 
approximately 50% between sub-optimal and optimal temperatures, and by 80% between 
optimum and supra-optimum temperatures respectively. Changes in both Vcmax and Jmax 
resulted a decrease in final biomass at growth temperatures below the optimum. A similar 
trend was observed at growth temperatures above the optimum, but the magnitude of the 
effect was large. Final total biomass was decreased by 8.3 gC when adding Vcmax and Jmax 
values corresponding to 35.5 °C to the baseline simulation (Figure 5b). The other 
photosynthetic parameters 𝛷𝛷, θ, Ea and ∆S did not vary significantly between 18 and 28.5 °C 
growth temperatures and consequently, their impact on final biomass was small at growth 
temperatures below the optimum. However, their impact was larger at growth temperatures 
above the optimum as the parameters varied by more between treatments. The stomatal 
conductance parameter, g1 varied considerably across treatments (Table 6.3), but the impact 
on final biomass was modest; all values of g1 were high and thus stomatal closure did not 
restrict carbon uptake by much (Figure 6.8a, b).  
Acclimation of respiration rates (Rm) also showed a considerable impact on growth, 
where the final biomass increased from 3.4 (at 18 °C) to 7.9 (at 28.5 °C) gC in response to 
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the reduction in Rm (Figure 6.8a). However, this pattern reversed at temperatures above the 
optimum where the final biomass was decreased 4.1 to 3.3 gC due to the effect of Rm. The 
change in inferred allocation fractions (af, aw and ar) also had sizeable effects on final 
biomass (Figure 6.8a, b). The change in allocation parameters from sub-optimal to optimal 
temperature caused an increase in total biomass by 8.3 gC, but the change from optimal to 
supra-optimal caused a decrease of 1.9 gC.  
The fraction of unmeasured C losses by the plant was significantly different among 
the treatments (Figure 6.8b). The effect of this change below the optimum temperature was to 
decrease the total biomass by 6.2 gC. However, at growth temperatures above the optimum, 
the effect of Y was slightly positive (Figure 6.8b). The non-structural carbohydrate utilisation 
rate (k) also had significant effects on C stocks at both sub and supra optimal growth 
temperatures (Figure 6.8a, b).  
Overall, results of the sensitivity analysis suggested that the increase in growth from 
sub to optimal temperature is principally due to the increase in SLA, temperature acclimation 
of respiration, and a change in allocation pattern; in contrast, temperature acclimation of 
Vcmax and Jmax, and change in Y, tended to counteract the increase. The decrease in growth 
from optimal to supra-optimal temperature is principally due to the short-term direct effects 
of temperature and VPD on leaf photosynthesis and tissue respiration, temperature 
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acclimation of Vcmax and Jmax, temperature acclimation of respiration and a change in 
allocation pattern. SLA tended to counteract growth decreases above the optimal temperature.  
 
Figure 6.8. Sensitivity analysis. Impact of sequential process changes from cold growth 
temperature to optimum temperature for growth (18 °C to 28.5 °C; a) and from optimum 
temperature for growth to warmest growth temperature (28.5 °C to 35.5 °C; b) on final total 
plant mass.  
 
6.5 Discussion 
This study utilized a data assimilation framework to quantify the contribution of 
individual mechanisms towards the overall temperature response of tree seedling growth. We 
identified key processes that reduce tree growth at both sub- and supra-optimal temperatures. 
We found that both direct short-term effects of temperature and long-term temperature 
acclimatory responses of photosynthesis and respiration have a significant impact on the 
temperature response of growth. In addition, the effect of temperature on non-structural 
carbohydrate utilisation and unmeasured C fractions such as growth respiration, root exudates 
and volatile organic C emission rates were substantial, where both processes showed a 
peaked response in which the rates increased up to the optimum temperature for growth (c. 28 
°C) and decreased thereafter. We found strong effects of temperature on biomass allocation 
patterns to different tissues. Overall, we demonstrated that not only photosynthesis and 
respiration, other carbon balance processes such as non-structural carbon utilisation rate, 
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growth respiration and biomass allocation, and their temperature responses were important in 
determining the temperature response of tree seedling growth.  
 
6.5.1 Can we simulate growth responses to temperature through the impact of temperature 
on photosynthesis and respiration? 
In this study, we used a simple C balance model to infer the effects of temperature on 
the main C balance processes. Our results clearly showed that effect of temperature on 
growth cannot be predicted using the direct temperature and VPD effect on photosynthesis 
and respiration. Furthermore, accounting for temperature acclimation of photosynthesis and 
respiration did not predict the final biomass at respective growth temperatures. Accounting 
for changes in C losses such as growth respiration, root exudates and volatile organic carbon 
emission (Y), biomass allocation, SLA and storage utilisation coefficient (k) were necessary 
to correctly capture effect of temperature on growth. Our results strongly suggested that an 
non-structural carbohydrate storage pool was necessary to adequately simulate growth. 
Therefore, seedling growth rates could not be adequately predicted by the balance between 
current-day photosynthesis and respiration. Our results were consistent with several other 
studies which demonstrated the importance of storage C pools in modelling tree growth 
(Campany et al., 2017, Mahmud et al., 2018, Richardson et al., 2010).  
 
6.5.2 Physiological mechanisms that best explain the temperature response of tree growth 
Our results showed that the short term direct effects of temperature and VPD have 
marginal impact on biomass growth. VPD increases with growth temperature, and therefore 
negatively affects stomatal conductance. At growth temperatures below the optimum 
temperature, both leaf photosynthesis and tissue respiration increased with temperature. 
Hence, at growth temperatures below the optimum, the direct short-term effects of 
temperature on photosynthesis and respiration balanced out; therefore, the overall impact on 
growth was relatively low. However, at growth temperatures above the optimum, the 
fractional increase in leaf respiration was higher than photosynthesis; therefore, the impact of 
short-term changes in temperature on growth was substantial.   
The data from our modelling experiments suggest significant acclimation of 
photosynthetic biochemistry to growth temperature, with large changes in Vcmax and Jmax, and 
adjustments in their temperature responses. We demonstrate that incorporating this 
temperature acclimation in the growth model has a considerable impact on predicted growth 
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both at sub- and supra-optimal temperatures. Hence, our results strongly support the need to 
incorporate temperature acclimation of photosynthetic biochemical parameters in terrestrial 
biosphere models (Rogers et al., 2017a). Temperature acclimation of photosynthetic 
biochemistry has been well discussed and quantified in previous literature (Kattge &  Knorr, 
2007, Smith &  Dukes, 2013, Way &  Sage, 2008b), but its implication for modelling the 
temperature response of tree growth has been rarely tested. Both Vcmax25 and Jmax25 decreased 
at higher growth temperatures; therefore, GPP decreased at supra-optimal temperatures.  
Other photosynthetic biochemical parameters Ea and ∆S did not show a sizable impact on 
final biomass at growth temperatures below and above the optimum, suggesting that these 
parameters are more adaptive. In chapter 2, we showed that both acclimation to growth 
temperature and adaptation to the climate of origin of a given species were important in 
determining the magnitude of ∆S, but Ea of Jmax did not show either acclimation or 
adaptation.  
We also observed other changes in leaf gas exchange parameters with temperature. 
Despite an increasing trend observed with increasing growth temperature, the stomatal 
conductance parameter, g1 did not show a significant contribution to the observed growth 
responses compared to the photosynthetic biochemical component processes. Given that the 
seedlings were grown under well-watered conditions, stomatal conductance values were > 0.5 
mol m-2 s-1 at all growth temperature treatments (chapter 5). It seems likely that stomatal 
conductance of these seedlings was not low enough to have an impact on net photosynthesis 
or growth. Effects of changes in other photosynthetic parameters, namely the quantum yield 
of electron transport (𝛷𝛷) and the curvature of the irradiance response curve (θ) on growth was 
modest at both sub and supra optimal growth temperatures. Collectively, these results 
suggested that effect of temperature on photosynthetic component processes (Lin et al., 2012) 
has a significant impact on the temperature response of tree growth.  
Our results suggested a significant effect of temperature on the carbohydrate 
utilization rate, k. The modelled k values showed a peaked temperature response, where the 
highest k was observed at the optimum temperature for the growth of these seedlings (i.e. ~ 
28 °C), suggesting that at growth temperatures close to the optimum, seedlings allocate more 
carbon to growth. However, the effect of k on growth is relatively small which suggests that 
although the models need to include an non-structural carbohydrate pool to capture growth of 
seedlings, the actual value of k has a relatively small effect. The NSC utilisation rate 
decreased as the experiment progressed with a higher rate at higher growth temperatures, 
causing a build-up of C storage. At both the coldest (18 °C) and warmest (32 and 35.5 °C) 
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growth temperatures, growth is limited by temperature; therefore, the demand for C could 
lower compared to the other growth temperatures which were more favourable for seedling 
growth.  
Our results also demonstrated that the allocation fractions among different tissues 
change in response to warming. The fraction of C allocated to foliage showed a peaked 
pattern with an optimum temperature close to the optimum temperature of seedling growth, 
28 °C. Hence our data strongly supported the hypothesis that maximum growth is achieved 
when the allocation to photosynthetic tissues is maximized (Cunningham &  Read, 2003, 
Drake et al., 2017b, Xiong et al., 2000). Our results showed a strong effect of specific leaf 
area (SLA) on growth at both suboptimal and supra-optimal growth temperatures. Therefore, 
we suggest that the temperature response of growth is largely driven by the direct effect of 
temperature on daily total carbon gain via a cumulative effect of photosynthetic rates and 
total photosynthetic surface area of leaves (Drake et al., 2017b, Ghannoum et al., 2010a). 
Additionally, our data showed that warming increased C allocation to wood, but decreased 
allocation to roots. These observations were consistent with several empirical studies that 
suggested warming increased allocation aboveground and reduced C allocation belowground 
(Blessing et al., 2015, Melillo et al., 2011, Poorter et al., 2012).  
The modelled rate for C losses through growth respiration, root exudates and volatile 
organic carbon emission, Y showed a peaked response with increasing temperature. The 
lower rates of Y observed at higher growth temperatures suggest that the extra C cost for 
biomass production is lower at high temperatures which may potentially reflect the structural 
changes in biomass composition (Villar &  Merino, 2001). Also, the higher rates of Y 
observed at growth temperatures around the optimum temperature for growth would suggest 
that respiration is up-regulated when labile C accumulates, an assumption embedded in 
several terrestrial biosphere models (Zaehle &  Friend, 2010). However, in this experiment, 
we inferred the growth respiration rates from the DA framework; therefore, the values could 
possibly also include C losses via other pathways such as root exudates and volatile organic 
C emission.  
Our analysis framework overcomes several limitations of the RGR and its component-
based growth analysis. Classical growth analysis often does not readily allow tree growth 
responses to be linked to underlying observations of tree physiological responses, particularly 
when temporal sampling is limited. In the experiment utilised for the present modelling 
study, Drake et al. (2017b) showed that the temperature dependence of Eucalyptus seedling 
growth was determined primarily by leaf size, specific leaf area, and the leaf area per unit 
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plant mass. Our approach further disentangled the underlying mechanisms responsible for 
tree seedling growth and identified the key mechanisms that determine the temperature 
response of tree growth. 
Taken together, using a data assimilation framework, we quantified key mechanisms 
that contribute to the temperature response of tree seedling growth. We showed that not only 
photosynthesis and respiration, but also other C balance processes including non-structural 
carbohydrate utilisation rate, growth respiration and C allocation to different tissues are also 
important in determining tree growth responses to increasing temperature. Results study have 
several implications for modelling forest responses to warming. Firstly, it demonstrated that 
tree growth cannot be predicted using only the direct short-term effect of temperature on 
photosynthesis and respiration and their longer term acclimation responses to growth 
temperature. Secondly, our work highlights the potential importance of the non-structural 
carbohydrate pools in terrestrial biosphere models, and emphasises the need to consider 
temperature-dependent C allocation patterns and specific leaf area in Terrestrial biosphere 
models. Our results also highlight the importance of considering temperature response of C 
losses by plants through processes such as growth respiration, root exudates and volatile 
organic C emission etc. Our findings should prove useful in quantifying temperature limits to 






6.6 Supporting information for chapter 6 
 
 
Figure 6. S. 1. Irradiance saturated net photosynthetic rates (Asat) at in-situ growth 







Figure 6. S. 2. Temporal variation of Vcmax and Jmax at a standard temperature of 25 °C at 




Figure 6. S. 3. Time series of daily respiration (Rm) of different tissues: (a) Leaves, (b) wood 






Figure 6. S. 4. Time series of parameters of the carbon balance model: (a) storage utilization 
coefficient, k; (b) unmeasured C losses, Y; (c) allocation to foliage, af; (d) allocation to 
wood, aw; (e) allocation to roots, ar. Lines depicts the fitted linear regression model with the 





Figure 6. S.  5. Specific leaf area (SLA) at in-situ growth temperatures. Points depict mean 
SLA estimated using leaf punches (n = 3 or 4) at two time points (21 and 32 days after 





Chapter - 7 Conclusions and Future Work 
 
In this thesis, my broad aim was to improve the current representation of the 
temperature response of tree growth in terrestrial biosphere models by identifying the 
important mechanisms that account for the overall response. I first investigated the 
mechanisms that determine the temperature response of photosynthesis and developed new 
mathematical functions to represent the photosynthetic temperature response in terrestrial 
biosphere models. Secondly, I evaluated how to scale leaf level photosynthetic physiology to 
canopy with a model-data integration approach. Thirdly, I experimentally resolved the main 
mechanisms underlying the temperature response of tree growth, including quantifying the 
direct impacts of temperature on growth via its impacts on photosynthesis, respiration, 
carbohydrate utilisation and biomass allocation, and quantifying how the growth-temperature 
response is further affected by water limitation. As a whole, this thesis identifies a series of 
ways in which process representations in terrestrial biosphere modelscould be improved to 
allow robust quantification of forest growth in future warmer climates.  
 
7.1 Recommendations to improve the model representation of temperature effects 
on plant growth  
  One important achievement and contribution of this thesis is the proposed new 
mathematical functions to represent photosynthetic temperature responses in terrestrial 
biosphere models (Chapter 2). I showed that there are important limitations to the current 
practice of using a fixed set of parameters to represent photosynthetic temperature responses 
without accounting for temperature acclimation and adaptation (Harper et al., 2016, Leuning, 
2002).  The new temperature response functions presented in Chapter 2 capture the observed 
optimum temperature for photosynthesis, ToptA, across biomes with a higher degree of 
accuracy than previously proposed algorithms by Kattge & Knorr (2007). The temperature 
response functions that we propose have a broad temperature domain (~ 3 to 37 °C) which 
should enable their use in terrestrial biosphere models without outer domain uncertainties 
(Stinziano et al., 2017), a limitation of previously proposed algorithms that have been 
implemented in terrestrial biosphere models. Additionally, this thesis provides further insight 
into the representation of photosynthesis in terrestrial biosphere models by synthesizing the 
extent of triose phosphate utilisation rate (TPU) limitation of photosynthesis at a global scale 
(Chapter 3). I provide empirical evidence that TPU does not commonly limit leaf 
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photosynthesis at the current ambient atmospheric CO2 concentration of 400 µmol mol-1, and 
show that instantaneous temperature responses of TPU are distinct from temperature 
responses of the maximum rate of Rubisco carboxylation. Based on these findings, I provide 
two recommendations to improve the representation of the photosynthetic temperature 
response in terrestrial biosphere models: 
i. I recommend that terrestrial biosphere models should use the simple algorithm 
presented in this thesis (chapter 2, Table 2.2) to incorporate thermal acclimation 
and adaptation of photosynthetic temperature response parameters. 
ii. Terrestrial biosphere models should dynamically change TPU:Vcmax with plants’ 
growth temperature and should use separate temperature response functions to 
characterize the temperature dependency of TPU (chapter 3, Table 3.2).   
One of the primary objectives of this thesis was to investigate the temperature response of 
canopy photosynthesis (chapter 4). It was unclear whether models parameterised using leaf-
level temperature responses correctly captured the whole-canopy response to temperature, 
given that the observed temperature responses of leaf and canopy-scale photosynthesis are 
different (Drake et al., 2016, Duursma et al., 2014). The second achievement of this thesis is 
the findings made in scaling leaf photosynthesis to the canopy level. My results identified the 
influence of non-light saturated leaves as a key determinant of the temperature optimum of 
canopy photosynthesis. Further, I demonstrated the importance of accounting for within-
canopy variation and seasonal temperature acclimation of photosynthetic biochemistry. 
Hence, I provide three recommendations to improve the scaling of photosynthetic 
temperature response from leaf to canopy level in terrestrial biosphere models: 
i. Terrestrial biosphere models should represent the tree canopy as a multi-layer 
system. Both the “big-leaf” and “two big-leaf” scaling approaches likely over 
predict canopy scale photosynthesis; therefore, terrestrial biosphere models should 
accurately account for radiation extinction within tree canopies through a multi-
layer approach.  
ii. Terrestrial biosphere models should incorporate within tree canopy variation in 
leaf scale photosynthetic biochemical parameters; Vcmax and Jmax.  
iii. Current terrestrial biosphere models should be evaluated to check whether the 
temperature response of canopy photosynthesis results in a reasonable temperature 
response curve.  
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Another important achievement and contribution of this thesis is the separation of the 
direct effect of temperature per se from the indirect effect of temperature on water 
availability on the overall response of tree growth and physiology (chapter 5). I demonstrated 
that the indirect effect of increasing water limitation strongly modifies the potential response 
of tree growth to rising global temperatures. These results provide a physiological basis for 
the observed spatially-divergent growth responses to warming, whereby trees in cold, wet 
sites typically show an increase in growth, in contrast to trees in warm, dry sites where 
growth typically declines with warming (Babst et al., 2019, Bowman et al., 2014, 
D’Orangeville et al., 2018, Lena et al., 2016, Mäkinen et al., 2002, Price et al., 2013). This 
work highlights the potential importance of the indirect effect of warming on soil water 
balance even where rainfall is unchanged, and emphasises the need to consider this indirect 
effect in terrestrial biosphere models attempting to predict how forests will fare under climate 
warming in future. Therefore, I recommend that the modelling community evaluate their 
models to check whether the models capture the correct temperature response of 
photosynthesis under low soil moisture conditions. In addition, incorporating the effects of 
water limitation on respiration and biomass allocation in models is necessary for improved 
predictions by terrestrial biosphere models.   
The final chapter of this thesis attempted to provide answers for two fundamental 
questions in terrestrial biosphere modelling: (i) Can we simulate growth responses to 
temperature through the impact of temperature on photosynthesis and respiration? (ii) What 
are the main physiological processes that best explain the temperature response of tree 
seedling growth? I showed that growth responses to warming cannot be modelled only as a 
function of temperature effects on photosynthesis and respiration. Other C balance processes, 
including temperature effects on non-structural carbohydrate utilisation rate, growth 
respiration and C allocation to different tissues were also important in determining tree 
growth responses to increasing temperature. Further, I demonstrated that the increase in 
growth from suboptimal to optimal temperature is principally due to an increase in SLA, 
temperature acclimation of respiration, and a change in C allocation pattern. The decrease in 
growth from optimal to supra-optimal temperature is principally due to the short term direct 
effects of temperature and VPD on leaf photosynthesis and tissue respiration, temperature 
acclimation of Vcmax, Jmax and respiration and a change in allocation pattern. Based on the 
work in this chapter, I provide several recommendations to improve model representations of 
the temperature response of plant growth: 
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i. Terrestrial biosphere models should not model temperature response of growth 
using only the effects of temperature on photosynthesis and respiration. TBMs 
should incorporate non-structural carbohydrate pools for improved prediction of 
carbon balance.  
ii. Terrestrial biosphere models should incorporate temperature-dependent specific 
leaf areas and growth respiration rates rather than using constant values of these 
parameters.  
iii. Terrestrial biosphere models should represent temperature-dependent C allocation 
patterns among different tissues rather than using fixed biomass allocation ratios.   
 
7.2 Future research directions 
This thesis suggests a number of ways to improve the representation of the 
temperature response of plant growth in terrestrial biosphere models by identifying and 
modelling key mechanisms. However, these conclusions have not yet been tested in a 
terrestrial biosphere model. A clear next step would be to incorporate these recommendations 
and test their impact on terrestrial biosphere models predictions. There are still several 
barriers preventing direct implementation of some of the recommendations provided by this 
thesis. For example, in chapter 6, I showed that terrestrial biosphere models should 
incorporate temperature dependence of specific leaf area, growth respiration and C allocation, 
but currently we lack functional forms to implement these temperature responses in terrestrial 
biosphere models. Further, it is not clear how widespread these findings might be at the 
global scale among contrasting plant functional types. Future work may thus necessary in 
addressing these limitations and use the findings to inform terrestrial biosphere models.  
More importantly, field-based research into the temperature responses of SLA and C 
allocation is required for better predicting the response of tree growth to high temperatures.  
Once these recommendations have been implemented in terrestrial biosphere models, 
an important step would be to test the new representations against benchmark datasets. Model 
performance could be evaluated using global scale flux datasets (e.g.  FLUXNET LaThuile 
data set, OzFlux). Also, tree growth measurements collected using permanent sampling plots 
across geographical gradients would be useful to evaluate the ability of models to predict tree 
growth across large geographical scales. Several authors have previously described such 
datasets. For example, D’Orangeville et al., (2018) used tree growth measurements (height, 
diameter and tree ring width) across a 761,100 km2 region in eastern Canada. Prior & 
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Bowman (2014) compiled Eucalyptus tree growth data from permanent plots established in 
temperate forests across eastern Australia. The Forest Global Earth Observatory (ForestGEO; 
https://forestgeo.si.edu/) provides tree growth data for tropical forests around the globe. 
These datasets could be used to evaluate the ability of current models to predict forest growth 
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